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Abstract  17 

Vaccination prevents not only the transmission of pathogens but also the adverse psychological 18 

effects of epidemics. Prior knowledge of the mental well-being benefits of vaccination relies on 19 

cross-sectional surveys, which are limited in scale, subject to self-report bias, and could be 20 

confounded by hidden differences across individuals. Here, we collected 154,348 Americans 21 

who self-declared receiving the COVID-19 vaccine on Twitter (now called X) and implemented 22 

a staggered quasi-experiment design to analyze their 160 million tweet activities, teasing out the 23 

causal effect of vaccination on changes in expressed sentiment and mental well-being. We found 24 

that being fully vaccinated is associated with an increase in sentiments of 0.055 (95% CI 0.037 to 25 

0.072) standard deviations at the individual level. The effects are stronger among males, 26 

adolescents, Hispanic and Asian Americans, and individuals who have experienced severe local 27 

epidemics. Investigation of underlying mechanisms suggests that fully vaccinated individuals 28 

experience fewer negative emotions, engage in more leisure activities, and are less likely to 29 

grapple with conflicting thoughts. Additionally, a more relaxed social environment from lifted 30 

lockdowns and increasing herd immunity positively correlates with sentiment improvement. Our 31 

study provides a new approach to assessing the impact of medical treatment on mental health by 32 

mining large-scale self-reported social media data.   33 
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Introduction 34 

Vaccination has long been the preferred way to contain infectious diseases1. Adequate vaccine 35 

delivery provides governments with the confidence to loosen public health interventions2–4, and 36 

allows individuals to resume their normal lives. The societal benefits of the former can be largely 37 

attributed to the protection of physical health through established herd immunity, whereas the 38 

personal benefits of the latter can be attributed to the alleviation of mental distress caused by 39 

epidemics5.  40 

Two possible channels exist through which vaccination may improve mental well-being. First, 41 

individuals may experience a reduction in anxiety and fear related to infection. Second, a more 42 

robust mental status may be associated with an enhanced capacity for enjoyment of social and 43 

leisure activities, which is associated with the relaxation of lockdown orders. In accordance with 44 

early findings that disease prevalence significantly affects public psychological status6,7, several 45 

studies have shown that vaccination is often associated with reduced distress, depression, and 46 

anxiety8–11, particularly among the elderly and clinically vulnerable groups12. Additionally, 47 

scholars have documented a reduction in the perceived risks of infection, hospitalization, and 48 

death among vaccinated individuals5, which partly explains the alleviation of psychological 49 

burdens.  50 

Questionnaire-based surveys are the primary approaches through which scholars drew those 51 

findings. While these methods have been rigorously validated in psychiatric research, they are 52 

costly, have limited scalability for generalizing to the population, and hard to ensure survey 53 

frequency. One key challenge when using survey data is to overcome its limited temporal and 54 

spatial granularity to ensure the external validity of conclusions beyond the small survey sample, 55 

and the other key challenge is to transcend the clinical setting and assess the effects in real-world 56 
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contexts. For instance, some studies that analyze cross-sectional data have difficulty establishing 57 

causality when comparing across individuals8–10,12,13. Others have built cohorts for individual-58 

level analysis, but still face challenges with discrete observations and self-report bias5,11. In the 59 

digital age, the rich text of social media platforms offers a promising alternative for 60 

understanding changes in mental well-being. Tracking individuals’ social media activities, 61 

coupled with natural language processing (NLP), allows us to track the fluctuation of an 62 

individual’s psychological state by revealing the linguistic cues in their self-disclosure content. 63 

Inference of psychological state from social media expressions has been shown to be relevant to 64 

mental well-being. For example, researchers have employed Twitter data to demonstrate higher 65 

levels of distorted thinking among individuals with depression14. Their online identification 66 

yielded results comparable to clinical psychological diagnoses based on cognitive behavioural 67 

therapy.  68 

In this study, we collected 154,348 Americans who self-reported on Twitter that they had 69 

received the COVID-19 vaccine (see the experimental design in Fig. 1a-c). Individuals were 70 

divided into two cohorts based on whether they reported the first dose or a booster shot, and 71 

those who reported a second dose were grouped into the first cohort by inferring the timing of 72 

first dose. We retrieved each individual’s historical tweets before and after vaccination and 73 

applied a set of NLP methods to measure the psychological state revealed by the text, with 74 

expressed sentiment as the primary indicator. The impact of vaccination was then assessed by 75 

integrating the established individual-level panel data with a staggered difference-in-differences 76 

(DiD) design (Fig. 1d-e). In each cohort, the design compares changes in psychological state 77 

before and after vaccination for early vaccinated individuals (treatment group) with changes at 78 

the same time for later vaccinated individuals (control group). Because the vaccines were 79 
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administered gradually, the control groups are dynamic and tailored to each group of individuals 80 

who received the vaccines at the same time. As our control group consists of people who 81 

eventually received the vaccines, just at a later time point, it is reasonable to assume that the 82 

treatment group individuals would have behaved similarly to individuals in the control group if 83 

they had not been vaccinated. This methodology offers a higher validity than selecting 84 

individuals who have never received a vaccine (e.g., vaccine deniers) as the control group.  85 

To shed light on the driver of sentiment change, we explored its mechanisms with the hypotheses 86 

that receiving vaccines would induce fewer negative emotions (e.g., fear and anger) and 87 

encourage individuals to talk more about social and leisure life (see Fig. 1f-g). The latter 88 

dimension was assessed from two perspectives, linguistic shifts in life concerns and cognitive 89 

processes. We tested whether people would talk more about leisure activities after vaccination. 90 

Meanwhile, we examined changes in cognitive processes, specifically whether individuals 91 

changed their use of cognitive words representing differentiated (e.g., although, but), judgmental 92 

(e.g., always, never), or tentative (e.g., maybe, perhaps) ways of thinking that could be emotional 93 

taxing. Given that studies have documented that people’s language showed more cognitive 94 

processes in the early days of the COVID-19 outbreak7, it could be convincing evidence if an 95 

inversed trend could be found after people resumed free travel via vaccination. Finally, we linked 96 

sentiment dynamics to time-varying local lockdown stringency and vaccination rates, with the 97 

aim of exploring how individual sentiment was affected by what others in the surrounding social 98 

environment were thinking and doing.  99 

Our methodological framework can be replicated to investigate the psychological effects of 100 

behaviors other than vaccination. Although it cannot replace clinical diagnoses, the identification 101 

of self-disclosure behaviors in online social media can serve as a signal of treatment uptake or 102 
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symptom onset14. By taking advantage of NLPs, we are able to cross-compare individuals while 103 

controlling for individual differences to estimate the effect of behaviors on mental well-being.  104 

 105 

Figure 1. User identification, natural language processing, and empirical experiment 106 

design. a, d, f, schematic graphs of study design. b, rule of user selection and vaccination timing 107 

adjustment. c, distribution of users who received the first dose and booster shot of vaccination. 108 

For more details of subplots b and c please find Supplementary Note 1. e, schematic graph of 109 

staggered difference-in-differences model for the first and booster shots. g, personal and 110 

environmental factors that may contribute to vaccination-induced sentiment changes. 111 
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 112 

Results 113 

Main results. The receipt of COVID-19 vaccines is associated with a significant increase in 114 

expressed sentiment. Fig. 2a illustrates the changes in individual’s expressed sentiment as 115 

measured by the Hedonometer lexicon (see Methods). Prior to the first dose of vaccine, there are 116 

no systematic differences in sentiment between the treatment and control groups, suggesting that 117 

individuals who were vaccinated later can be considered legitimate counterfactuals for the early 118 

vaccination group. Individuals’ sentiments begin to increase immediately after the first dose, 119 

reaching a plateau at around 8 weeks after vaccination. Because individuals typically received 120 

the second dose 3-4 weeks after the first dose (Supplementary Fig. 1), our results indicate that 121 

sentiment stabilizes approximately one month after individuals were fully vaccinated. Therefore, 122 

we interpreted the average effect of 8 to 15 weeks as the impact of full vaccination, which is an 123 

increase of 0.055 s.d. (P < 0.001, 95% CI 0.037 to 0.072). To provide a point of comparison, we 124 

also tracked the sentiment of individuals who received a booster in the second half of 2021. 125 

However, no significant changes were observed (see Supplementary Fig. 4 in Note 2), suggesting 126 

that a booster shot may not have the same affective benefits as the initial vaccination because 127 

people have already resumed their normal activities.  128 

The magnitude of vaccination impact on sentiment is quite significant when putting into 129 

perspectives. First, the average range of weekly sentiment variations in our data is 0.016 130 

(approximately 0.043 s.d.) between Tuesday (lowest) and Saturday (highest). The effect of 131 

vaccination is approximately 1.3 times the widest gap of affective swing between weekdays and 132 

weekends. Second, our estimated effect is quantitatively comparable to other studies that also 133 

implement individual-level analysis controlling for individual fixed effects. For example, Baylis 134 
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(2020)15 demonstrated that an extremely cold (maximum temperature ≤5°C) or hot (maximum 135 

temperature >40°C) day would result in a decrease in sentiment changes of -0.08 s.d. and -0.10 136 

s.d., respectively, compared to the most pleasant maximum temperatures of 21–24 °C. Third, our 137 

estimated effect was found to be qualitatively similar to the effects of other external factors on 138 

sentiment changes. Burke et al. (2022)16 and Du et al. (2024)17 reported a decline in sentiment of 139 

-0.2 s.d. and -0.14 s.d. caused by a heavy smoke day (PM2.5 > 100 μg/m3) on a weekly and daily 140 

basis, respectively. However, their analysis did not include individual fixed effects. The smaller 141 

magnitude in our estimate may be due to measurement error caused by sparser sources of within-142 

individual variation18. 143 

To test the robustness of our model, we conducted a number of sensitivity analyses. First, we 144 

discarded part of the control group in two ways based on different model settings (see Methods 145 

and Supplementary Note 3 for details), which in fact shrinks the size of the control group and 146 

reduces the cross-comparison between early and later vaccinated individuals. Supplementary 147 

Figs. 5 and 6 show that the outcomes exhibit similar patterns to those in Fig. 2a, despite 148 

sometimes less satisfactory pre-treatment parallel trends and smaller effect sizes, suggesting that 149 

a staggered design with within-cohort comparison is essential to meet the identifying assumption 150 

for causal inference. Second, we tested whether the choice of time period for effect estimation 151 

affects our results. We ran models summarizing effects up to early June (week 23), early July 152 

(week 27), and early August (week 31) of 2021, respectively. Supplementary Fig. 7 shows a 153 

gradual, slight decrease in effect size as the time point moves backward. Finally, we ensured our 154 

results are robust across sentiment measurement algorithms (see Methods). The alternative 155 

methods confirm the conclusion of sentiment lifting, albeit with smaller effect sizes 156 

(Supplementary Fig. 8). The discrepancy between the results can be attributed to the fact that 157 
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Hedonometer had enriched with words related to the COVID-19 pandemic, which explains its 158 

superior performance over the others and why we chose it. 159 

We also performed a series of placebo tests to ensure that the effects we identified are due to 160 

vaccination alone (see Supplementary Note 4). We adopted two approaches to set the dummy 161 

timing of vaccination for later vaccinated individuals as a designated or arbitrary week prior to 162 

the actual time, and found no notable changes in either (Supplementary Figs. 9 and 10). The 163 

experiments suggest that our control groups are free of contamination and that our results are not 164 

influenced by week-specific common shocks across states or by common long-term temporal 165 

trends. 166 

We further analyzed two affective dimensions associated with the expressed sentiment. First, we 167 

decomposed the sentiment score into emotions of different polarities using the NRC emotion 168 

lexicon (see Methods). We found that the increase in sentiment is dominated by a steady 169 

decrease in negative emotions, the magnitude of which overwhelms the increase in positive 170 

emotions (Fig. 2b). Specifically, we observed a decrease in the use of words associated with 171 

sadness by -0.030 s.d. (P < 0.001, 95% CI -0.047 to -0.014), fear by -0.027 s.d. (P < 0.001, 95% 172 

CI -0.042 to -0.011), disgust by -0.032 s.d. (P < 0.001, 95% CI -0.049 to -0.015), and anger by -173 

0.033 s.d. (P < 0.001, 95% CI -0.050 to -0.016) after full vaccination. Conversely, positive 174 

emotions as exemplified by words denoting joy exhibit a comparatively less pronounced increase 175 

in usage, with a value of 0.024 s.d. (P = 0.003, 95% CI 0.008 to 0.039). 176 

Additionally, the improvement in expressed sentiment is accompanied by a decline in affective 177 

fluctuation. As shown in Fig. 2c, we observed a gradual decline in the standard deviation of the 178 

sentiment score after the first vaccine dose, which stabilizes after attaining -0.007 s.d. (P < 179 
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0.001, 95% CI -0.009 to -0.005) by the 8th week post-vaccination. However, this decline is 180 

followed by a gradual recovery till the 15th week. The inverse trend compared to what we 181 

observed in Fig. 2a indicates that individuals exhibited diminished sentiment fluctuations in their 182 

verbal expressions after full vaccination, which is a sign of greater affective stability and 183 

healthier mental status19. 184 

 185 

Figure 2. The effect of vaccination on expressed sentiment, standard deviations of 186 

sentiment and emotions dimensions. a, the effect of first-dose vaccination on expressed 187 

sentiment. The error bars represent the 95% confidence intervals. The bar plot below shows the 188 

number of tweets in our sample that fall into corresponding time bins. b, the effect of vaccination 189 

on positive and negative emotions. The bold lines indicate time periods when the change is 190 

significant at least at the 95% level. c, the effect of first-dose vaccination on standard deviation 191 

of expressed sentiment, which represents affective stability. Higher standard deviation indicates 192 

less stable sentiment. The error bars represent the 95% confidence intervals. For a-c, one week 193 

before vaccination was set as the baseline. Therefore, the other indicator variables show relative 194 

changes compared to the baseline.  195 
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 196 

Heterogeneity analysis. We investigated heterogeneous effects of vaccination across age, 197 

gender, and race, and found notable distinctions in sentiment variations. Fig. 3 shows the 198 

heterogeneity observed one month after full vaccination, which aligns with the main results. The 199 

short-term effect, spanning 4 to 7 weeks after the first-dose vaccination, is presented in 200 

Supplementary Fig. 11 in Note 5. The results reveal that the sentiment improvement observed 201 

following vaccination is primarily driven by males and adolescents. Male sentiment (0.061 s.d., 202 

P = 0.002, 95% CI 0.021 to 0.100) improves by approximately one-third more than female 203 

(0.047 s.d., P = 0.003, 95% CI 0.016 to 0.078). Additionally, the improvement observed in 204 

young individuals under the age of 18 (0.090 s.d., P = 0.006, 95% CI 0.026 to 0.155) is more 205 

than twice that observed in adults over the age of 40 (0.035 s.d., P = 0.151, 95% CI -0.013 to 206 

0.083). As might be expected, adults between the ages of 19 and 39 comprising the majority of 207 

the study sample exhibit a sentiment change that is comparable to the main results (0.050 s.d., P 208 

= 0.002, 95% CI 0.018 to 0.082). With regard to racial disparity, the most positive sentiment 209 

response to vaccination is exhibited by Hispanic and Asian individuals. The expressed 210 

sentiments increase by 0.082 s.d. (P = 0.030, 95% CI 0.008 to 0.157) and 0.071 s.d. (P = 0.033, 211 

95% CI 0.006 to 0.137), respectively, after individuals have been fully vaccinated. In contrast, 212 

the sentiment of African Americans shows an increase that is not statistically significant (0.045 213 

s.d., P = 0.078, 95% CI -0.005 to 0.095). 214 

In addition to demographic distinctions, people may respond differently to vaccination based on 215 

their local environment. For example, the Democratic Party typically advocated restrictive 216 

lockdown policies, while the Republican Party recommended economic reopening20. These 217 

different strategies may have different effects on human activities and the labor market. In 218 
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addition, regional economic development also affected people’s accessibility and affordability of 219 

public services, thereby mediating the effect of vaccination on expressed sentiment. However, 220 

after grouping individuals by whether they belonged to Red states or Blue states, we observed 221 

almost identical changes in sentiment (Red states: 0.054 s.d., P < 0.001, 95% CI 0.025 to 0.082; 222 

Blue states: 0.053 s.d., P < 0.001, 95% CI 0.030 to 0.076). The same is true when individuals are 223 

separated by whether they lived in a state with a higher (0.054 s.d., P < 0.001, 95% CI 0.033 to 224 

0.075) or lower (0.054 s.d., P = 0.001, 95% CI 0.022 to 0.087) GDP per capita. These results 225 

suggest that the post-vaccination increase in sentiment is not closely related to regional partisan 226 

discrepancy or economic status. 227 

Finally, we examined the effects stratified by the severity of the local epidemic. The results 228 

indicate that a higher disease prevalence is generally associated with a more apparent sentiment 229 

improvement. When severity is defined based on the cumulative number of COVID-19 230 

infections over the past quarter before mass vaccine rollout (October to December 2020), the 231 

sentiment improvement of people living in states with more infections above the median (0.057 232 

s.d., P < 0.001, 95% CI 0.037 to 0.077) is nearly a third higher than people living in states with 233 

less infections (0.045 s.d., P = 0.020, 95% CI 0.007 to 0.083). Similar differences can be found 234 

when defining severity based on cumulative number of deaths over the same period (more 235 

deaths: 0.056 s.d., P < 0.001, 95% CI 0.036 to 0.076; less deaths: 0.047 s.d., P = 0.017, 95% CI 236 

0.008 to 0.086). This discrepancy may be attributed to the fact that individuals experiencing 237 

more severe local epidemics were more eager to receive vaccines to protect themselves and 238 

resume their lives.  239 
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240 

Figure 3. The heterogeneous effect of vaccination on expressed sentiment across 241 

demographics and geography. The categories with light blue backgrounds represent 242 

heterogeneities across demographics, where users were sub-grouped by individual 243 

characteristics. The categories with light purple backgrounds are heterogeneities across 244 

geography. Users were sub-grouped by the state in which they were located. The “high” and 245 

“low” in the last three groups were determined by whether the indicators of an individual’s state 246 

were higher or lower than the median level. Error bars in bold, light grey show standard 247 

deviation. Error bars in black represent 95% confidence intervals, with * p < 0.05; ** p < 0.01; *** 248 

p < 0.001. 249 

 250 
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Linguistic changes post-vaccination. Individuals’ use of language can provide insight into 251 

shifts in narrative focus and way of thinking that are endogenously associated with the 252 

sentiments expressed. Using the LIWC dictionary (see Methods), we found that vaccination 253 

prompts individuals to talk more about their personal lives (Fig. 4a), particularly words related to 254 

leisure (0.032 s.d., P < 0.001, 95% CI 0.014 to 0.050) and financial concerns (the word category 255 

“money”, 0.020 s.d., P = 0.044, 95% CI 0.001 to 0.039). In contrast, words related to work were 256 

observed to occur less frequently than before, although this is not statistically significant (-0.010 257 

s.d., P = 0.208, 95% CI -0.027 to 0.006). We further investigated whether individuals paid more 258 

attention to acquaintances and family. However, no significant changes were observed (0.008 259 

s.d., P = 0.410, 95% CI -0.011 to 0.027). These results suggest that vaccination, which increased 260 

engagement in leisure activities if local policies and the pandemic environment allow, could 261 

serve as an important mechanism for sentiment improvement. 262 

The sentiment changes after vaccination may be associated not only with the changes in life 263 

focus, but also with one’s thinking and cognitive processes. Referring to the word category 264 

“cognitive processes” in LIWC, we investigated individuals’ linguistic changes with word usage 265 

representing differentiation thought (e.g., although, but), judgmental speaking (e.g., always, 266 

never), or tentative narrating (e.g., maybe, perhaps), etc. It is commonly found that individuals 267 

used those cognitive words more frequently when confronted with traumatic events21,22, 268 

including during the early stage of the COVID-19 outbreak7. External shocks can force 269 

individuals to reflect on the reasons why the event occurred and to form their own understanding 270 

when trying to write down a coherent narrative23.  271 

Fig. 4a shows a generally lower usage of cognitive words when linking them with vaccine 272 

reception. In particular, the fully vaccinated group uses fewer differentiation words in writing 273 
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than before (-0.046 s.d., P < 0.001, 95% CI -0.064 to -0.028), which represents less conflicting 274 

thinking. Individuals may show conflicting thoughts when expressing something like “I’d like to 275 

go to a movie tomorrow, but I’m afraid of being infected”. While people will need to make more 276 

of these balances and decisions during the pandemic, our results suggest that vaccinated 277 

individuals were likely to face easier decisions without these complex trade-offs. Comparatively, 278 

the use of insight (e.g., “think”, “know”), tentative, and certainty words only see insignificantly 279 

decreases. The change in overall declines in emotional taxing cognitive processes could be one 280 

mechanism for the improved sentiment.  281 

 282 

Social environment on expressed sentiment. Following the administration of a considerable 283 

number of vaccines, state governments gradually loosened non-pharmaceutical interventions 284 

(NPIs) in the first half of 2021. For instance, mask requirements in public spaces were less 285 

stringent, and outdoor gatherings were permitted with proof of vaccination. The improvement in 286 

sentiment may be partly explained by the benefits and freedoms associated with vaccination, 287 

rather than just medical protection.  288 

Here, we focus on three NPIs that were widely implemented: stay-at-home restriction, gathering 289 

prohibition, and facemask requirement. Individuals were reclassified based on whether an NPI in 290 

their state was less stringent when they were fully vaccinated than it was in early 2021 (see 291 

Methods). We reconducted our analysis for each subgroup and found that policy easing generally 292 

induces greater sentiment improvement except for the facemask requirement (see Fig. 4b). 293 

Specifically, we observed no significant change in individual’s expressed sentiment if the ban on 294 

gatherings was not lifted after being fully vaccinated. On the contrary, there is an increase of 295 
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0.064 s.d. (P < 0.001, 95% CI 0.044 to 0.085) when less restrictive requirements were 296 

introduced. Similarly, the lifting of restrictions on stay-at-home leads to an increase of 0.051 s.d. 297 

(P < 0.001, 95% CI 0.028 to 0.075) in sentiment, which would not have been significantly 298 

improved if the same intensity had been maintained (0.036 s.d., P = 0.067, 95% CI -0.003 to 299 

0.075). However, we found no additional benefit from relaxing the facemask requirement, which 300 

poses fewer constraints on the freedom to participate in leisure and social activities.  301 

Furthermore, we explored the role of local vaccination rates, a key indicator for establishing herd 302 

immunity and gaining insights into society’s vaccine acceptance, on sentiment improvement. 303 

Instead of regressing by weeks, we linked users’ tweets to the state-level daily vaccination rate 304 

and then aggregated them by 5% bins. We implemented a similar staggered DiD design, 305 

comparing individuals who were vaccinated when vaccine coverage was low to those who were 306 

vaccinated when coverage was high. We set those vaccinated after local coverage exceeded 50% 307 

as the literal never-treated group (see Methods). Fig. 4c shows a similar pattern to Fig. 2a, 308 

indicating that as the local vaccination rate increases, sentiment also rises. This suggests that 309 

growing herd immunity and being surrounded by vaccinated neighbors may be beneficial to 310 

sentiment. We provide further implications of this result for trust in science and vaccines in the 311 

Discussion. 312 



17 
 

 313 

Figure 4. Driving factors for improved expressed sentiment from vaccination. a, the average 314 

treatment effect of (one month after) full vaccination on linguistic dimensions of personal 315 

concerns, social processes, and cognitive processes. The dark rows represent the above three 316 

major categories and are the aggregation of the corresponding minor dimensions in light 317 
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background. The dark error bar represents the standard deviation, and the light error bar 318 

represents the 95% confidence intervals. b, the effects of full vaccination on expressed sentiment 319 

stratified by whether people’s living States loosened NPI policies (lower stringency) when they 320 

were fully vaccinated as compared to January 2021. The error bars represent the 95% confidence 321 

intervals. c, the change in expressed sentiment along with the local vaccination rate increases. 322 

The error bars represent the 95% confidence intervals. The bar plot below shows the number of 323 

tweets in total that fall in corresponding 5% bins referring to differences in vaccination rate 324 

between posting tweets and being vaccinated.  325 

 326 

Discussion 327 

This study uncovers short- and medium-term mental benefits of COVID-19 vaccination by 328 

analyzing tweets from over 154 thousand vaccinated Americans. Using a staggered DiD design, 329 

we found that individuals’ expressed sentiment increases after the first dose, stabilizes one month 330 

after full vaccination, and shows no decline within our study period, i.e., at least 15 weeks after 331 

the first-dose vaccination. This conclusion of overall improvement in sentiment is consistent 332 

with existing questionnaire-based studies5,11. In particular, the proposed research framework 333 

differs from traditional cohort studies and excludes subjective influences of subjects due to the 334 

clinical environment. Instead, it identifies self-reporting behaviors, analyzes online postings in a 335 

natural setting, and compares individuals within a single cohort. These designs are more cost-336 

effective to implement while ensuring robust conclusions. 337 

The results of this study reflect the dynamics of individuals’ mental well-being as they gradually 338 

recover from the initial shock of the pandemic. Early research suggests that exposure to such 339 
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global public health events causes negative impacts not only on physical health, but also on 340 

mental health. People tend to express lower sentiments6, more sadness and anxiety, less 341 

analytical thinking, and more cognitive processing7 during the first few months of the global 342 

pandemic. In contrast, we observed improvements in all of these dimensions after vaccination. 343 

Individuals show stable higher sentiment. The lower negative emotions and less conflicting 344 

thinking mode may contribute to that. These findings provide compelling support for the view 345 

that vaccination is a critical intervention in restoring people’s lives. 346 

Recent studies have shown that risk cognition5 and actual infection risk12 contribute to elevated 347 

mental well-being after vaccination. Although we did not uncover these individual-level drivers, 348 

this study disentangles the relationship between mental improvements and the social 349 

environment. Our observation that sentiment rises as local vaccination rates rise is consistent 350 

with the population-level study by Bari et al. in the United States24. This positive feedback can 351 

further promote vaccine uptake in local communities, thereby supporting the prediction of 352 

vaccination trends to guide tailored vaccination campaigns or delivery strategies. Our results also 353 

highlight striking improvements in sentiment as NPIs loosen. Combining with another finding 354 

that vaccinated people discuss more about leisure in their text with a more casual narrating style 355 

(less cognitive process), we conclude that leisure and social activities are positively associated 356 

with improved expressed sentiment. It offers potential explanations for the resumption of human 357 

physical activities observed in other research, while also warning governments to pay close 358 

attention to the risk of secondary outbreaks posed by the increase in mobility as a result of 359 

people's psychological recovery.  360 

The above mechanistic explanations for sentiment variation extrapolate our findings to other 361 

knowledge about vaccine rollout, such as vaccine hesitancy. Researchers have documented that 362 
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misinformation25, anti-intellectualism26, and weak societal collectivism27 can lead to vaccine 363 

hesitancy28–30, and our results on lockdown stringency and vaccination rate shed light on similar 364 

areas. A rising vaccination rate of the entire society outlines the collective behaviors and 365 

consensus that promote vaccination. The subsequent loosened NPIs following adequate vaccine 366 

coverage further illustrate the science of vaccination. Higher sentiment improvement post-367 

vaccination in a relaxed social environment could in turn alleviate people’s concerns about 368 

vaccine hesitancy. 369 

We acknowledge several limitations of our study. First, we did not perform matching between 370 

each treatment group and its corresponding control group8,12. Our staggered DiD design cross-371 

compares people within the vaccinated cohort. This framework outperforms using another set of 372 

users without an established vaccination record because we can expect people to have similar 373 

pre-vaccination attitudes (e.g., no anti-vax) and behaviors. Nevertheless, the number of people in 374 

the treatment group and their demographic distribution cannot be identical to the control group in 375 

our model settings. Second, our estimated effect of vaccination cannot be extrapolated from its 376 

impact on mental health statues in the entire society. Existing studies have shown polarization of 377 

vaccine trust, hesitation, and sentiment and their high homophily in social networks31. However, 378 

our study did not take these elements into account. We had tried to collect a third batch of people 379 

who declared anti-vax on Twitter but were unable to collect sufficient samples. As a result, our 380 

results only show improvements in expressed sentiment and mental well-being among those who 381 

declared getting vaccinated, which is different from the entire vaccinated group. We should be 382 

cautious in interpreting the effects of vaccination when dealing with larger populations, paying 383 

particular attention to differences in people's education levels, scientific cognition, and political 384 

leanings. Finally, we did not bring our knowledge to alleviate vaccine inequality. Scholars have 385 
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found high vaccine hesitancy32 and low vaccine uptake33 among people with mental and 386 

psychiatric illnesses. However, identifying these individuals is beyond the scope of our study. 387 

It’s valuable for future research to investigate whether vaccination can deliver its positive mental 388 

health effects to everyone equally, especially those who face psychological barriers.  389 

In light of our findings, we recommend that governments maintain vaccination as the primary 390 

response to public health emergencies. Government campaigns to promote vaccination should 391 

emphasize the mental and hedonic benefits of vaccines in addition to their medical benefits, 392 

which could potentially increase willingness to get a vaccine34. Meanwhile, we should 393 

disseminate these conclusions to doctors, as numerous studies have shown that health care 394 

workers are the public's most trusted sources of vaccine guidance35,36.  395 

 396 

Methods 397 

Vaccinated individuals. We searched users who explicitly stated they had gotten vaccinated in 398 

their tweets using keywords (or phrases) such as “vaccinated,” “I got my first dose of vaccine,” 399 

“I got the Pfizer,” etc. (See Supplementary Table 1 for a complete list of keyword variants) 400 

through the Twitter application interface (API). To enrich our sample, we omitted exact phrase 401 

matching during the search but employed rigorous regular expression matching thereafter to 402 

clean them up (See matching patterns in Supplementary Table 2). Specifically, we excluded: 1) 403 

individuals who were not in the United States or countries that cannot be identified from their 404 

profile locations; 2) those who claimed they got a vaccine appointment (haven’t got vaccinated 405 

actually); 3) who were unsure which dose they received; 4) who got other vaccines such as 406 

measles, shingles, and smallpox; 5) who said their family members had been vaccinated; 6) who 407 
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cannot be identified the exact week they got vaccinated; 7) double quoted statement that may 408 

come from others’ words (See Supplementary Table 3 for rules of exclusion with examples). 409 

Correspondingly, we properly adjusted the timing of vaccination for those who mentioned 410 

phrases about time in their tweets, such as “yesterday,” “two weeks ago,” or “last Wednesday” 411 

(see list of examples in Supplementary Table 4). For people who reported their second shot, we 412 

backtracked four weeks for the first injection - this is a common time interval between doses in 413 

the United States, as evidenced by 4,813 users who reported both doses in our sample (see more 414 

details in Supplementary Fig. 1 in Note 1) 415 

We subsequently restricted our sample to Americans who got the first dose of vaccines between 416 

January 1, 2021, and December 31, 2021, and those who got boosted between July 1, 2021, and 417 

March 31, 2022. We retrieved their historical tweets using the “get_timeline” API with non-418 

English posts excluded, except that some people prohibit non-followings from tracking back 419 

their posting history. We kept original tweets, replies, and quotes but discarded retweets since 420 

they didn’t intuitively reflect what people thought. To sum up, our data collection and screening 421 

led to a final sample set of 154,348 vaccinated individuals (134,498 for the first dose and 22,116 422 

for the booster shot, Supplementary Fig. 2 and 3) and 160,511,041 original tweets, replies, and 423 

quotes. For future analysis, we further removed all data from users who fall into the highest and 424 

lowest 5% posting frequency.  425 

Text analysis. We applied a suite of natural language processing (NLP) approaches to quantify 426 

the expressed sentiment, emotions, and signals of mental health statuses in tweets. For sentiment 427 

analysis, we adopted Hedonometer37, an open-source lexicon constructed based on Twitter text 428 

analysis, to assign valence scores for each post ranging from 0 (totally negative) to 10 (totally 429 

positive). Its calculation depends on a timely updated corpus of 10187 words. The newly 430 
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emerged high-frequency words on Twitter during the pandemic, such as “covid,” “ncov19,” and 431 

“self-quarantine,” have been included, which seldom appeared in other sentiment dictionaries. 432 

Still, we repeated our experiments using other commonly-used sentiment measures such as 433 

Valence Aware Dictionary and sEntiment Reasoner (VADER)38, Linguistic Inquiry and Word 434 

Count (LIWC)39, etc., which can be found in Supplementary Fig. 8. 435 

Since Hedonometer could only generate a single sentiment valence, decomposing it to see which 436 

affective states shifted more when encountering vaccination fits in the strength of some other 437 

methods. In our study, we adopted the NRC dictionary40 to recognize people’s emotional 438 

dynamics, including “anger,” “disgust,” “fear,” “sadness,” and “joy.” The extent to which people 439 

expressed those emotions was calculated as the proportion of words in the entire text that belong 440 

to each category.  441 

For mental well-being implicit in numerous linguistic characteristics, we adopted the LIWC 442 

dictionary to uncover three major mental dimensions ranging from personal concerns, social 443 

processes, and cognitive processes. We determined them by the frequency of appearance in each 444 

tweet. Specifically, personal concerns consist of categories of words relative to work (e.g., job, 445 

majors), home (e.g., kitchen, landlord), leisure (e.g., cook, movie), and money (e.g., audit, cash); 446 

social processes concern family (e.g., daughter, dad) and friends (e.g., buddy, neighbor), and 447 

prepositions indicating differentiation (e.g., hasn’t, but), insight (e.g., think, know), tentative 448 

(e.g., maybe, perhaps), and certainty (e.g., always, never) composite the cognitive processes. 449 

Demographic information. While twitter never requires personal details to be disclosed in a 450 

canonical format for privacy concerns, users can opt to self-report what they are willing to share 451 

on their profile pages. Synthesizing multiple sources, such as biography and profile image, is a 452 
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promising framework for uncovering users’ demographic information. Here, we adopted a three-453 

step procedure to realize multidimensional demographic inferences: 1) First, we used the 454 

“face_locations” module in Face Recognition, a deep learning method with 99.38% reported 455 

accuracy (https://github.com/ageitgey/face_recognition), to detect face existences in profile 456 

images. 2) By selecting users whose image has only one face, we adopted the Deepface model 457 

(https://github.com/serengil/deepface) to classify their races into six categories (“white,” “black,” 458 

“Asian,” “Indian,” “Latino Hispanic,” “middle eastern”) based on complexions. 3) Finally, we 459 

adopted the M3 system (https://github.com/euagendas/m3inference) – a state-of-art deep learning 460 

model trained on a massive Twitter dataset by integrating profile images, screen name, and 461 

profiles descriptions – to recognize users’ belonging age groups (“≤18,” “19-29,” “30-39,” 462 

“≥40”), gender (“female,” “male”), and account types (“individual,” “organization”). In our 463 

study, we further merged age groups “19-29” and “30-39” into “19-39” since they both refer to 464 

young adults, an important circumscription in vaccine allocation in the United States.  465 

Heterogeneity across geography. The severity of the pandemic for each state was determined 466 

by the cumulative number of cases and deaths three months before vaccine rollout (October to 467 

December 2020). The statistics on COVID-19 infection and mortality was obtained from the 468 

Johns Hopkins Coronavirus Resource Center (https://coronavirus.jhu.edu/map.html) and the 469 

residential population data was obtained from the Census Bureau of the United States.  470 

We identified the Red and Blue states by who has won more times, Democrats or Republicans, 471 

over the past two decades. For the last five general elections, the state where a party won at least 472 

three times was identified as having the same partisan leaning. 473 
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The economic status of each state was determined by GDP per capita that divided the annual 474 

GDP in 2021 by the resident population. 475 

Local vaccination rate.  We collected the cumulative daily number of first-dose vaccines 476 

administered for each state from the New York Times 477 

(https://www.nytimes.com/interactive/2020/us/covid-19-vaccine-doses.html). With residential 478 

population data from official statistics, we calculated the vaccination rate for each state on each 479 

date and then assigned them to individual tweets for future analysis. 480 

Lockdown policy.  The Oxford Covid-19 Government Response Tracker (OxCGRT) database 481 

quantifies the dynamics of multi-dimensional governmental policy responses worldwide during 482 

the pandemic, ranging from containment and closure, to health and economy. We selected three 483 

dimensions: “C4_Restrictions on gatherings,” “C6_Stay at home requirements,” and “H6_Facial 484 

Coverings” from this dataset to investigate sentiment changes relative to loosening of gathering 485 

prohibition, mandatory stay-at-home, and facemask wearing requirement. For each state, we took 486 

the average level of policies in January 2021 (roughly before mass vaccination delivery) as 487 

baselines and determined whether policies had eased by comparing them with policy intensities 488 

when people were vaccinated. 489 

Model specification. We estimate a model to investigate if people’s expressed sentiment and 490 

other mental well-being dimensions are affected by getting COVID-19 vaccines. To account for 491 

variations in the timing of vaccination, we designed a staggered DiD model in which early 492 

vaccinated people (treated group) were cross-compared to later vaccinated people (control 493 

group). In this study, we took those who got vaccinated in the same week of the year as the same 494 

group. The control group is, therefore, dynamic for each treatment group depending on the 495 
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chronological order of vaccination. Moreover, we defined the control group vaccinated 496 

subsequent to effect estimating deadlines (July 2021 for the first dose and January 2022 for the 497 

booster, as illustrated in Fig. 1e) as the never-treated group, and those vaccinated previously as 498 

the not-yet-treated group. These individuals were incorporated into the model as separate 499 

categories. Finally, we kept balanced panel data with respect to calendar time for each cohort. 500 

For the first dose administration, we retained tweets before early July and discarded those 501 

thereafter; for the booster shot, we discarded those after January 2022. 502 

Recently, literature has pointed out the pitfalls of standard two-way fixed effect (TWFE) models 503 

in conducting reliable causal inference41, especially when treatment timing varies, and 504 

heterogeneous treatment effect dynamics exist. The resultant invalid DiD estimator could usually 505 

be attributed to the fact that the TWFE generates variance-weighted average of cross-group two-506 

by-two treatment effects. The weight could be negative when treatment time varies, because the 507 

already-treated group will act as controls and a negative weight is therefore required to subtract 508 

its influence. To avoid these defects, Sun and Abraham (2020)42 proposed a revised DiD 509 

estimator that is robust to staggered model settings. However, it still relies on the TWFE 510 

framework and can only additionally incorporate the last-treated group instead of all available 511 

not-yet-treated groups as controls. Alternatively, Callaway and Sant’Anna (2021)43 developed a 512 

nonparametric DiD estimator that could more effectively avoid the inherent drawbacks of 513 

TWFE-based models. 514 

In particular, Callaway and Sant’Anna define a causal parameter called group-time treatment 515 

effect, which refers to the average treatment effect for units who are members of a particular 516 

group g at a specific time period t, which could be represented by: 517 
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𝐴𝑇𝑇(𝑔, 𝑡) = 𝐸[𝑌!(𝑔) − 𝑌!(0)|𝐺" = 1] 518 

where G represents the time period that a unit is first treated. The estimands of 𝐴𝑇𝑇(𝑔, 𝑡) can be 519 

realized by three methods: outcome regression (OR), inverse probability weighting (IPW), and 520 

doubly robust (DR). This study adopted the latter one. We can then summarize the overall 521 

treatment effect 𝜃# and dynamic treatment effects 𝜃(𝑒) varied with length of exposure to the 522 

treatment e:  523 

𝜃(𝑔, 𝑒$, 𝑒%) =
1

𝑒% − 𝑒$ + 1
5 𝟏{𝑔 ≤ 𝑔 + 𝑒$ ≤ 𝑔 + 𝑒% ≤ 𝑇}𝐴𝑇𝑇(𝑔, 𝑡)
&!

!'&"

 524 

𝜃# = 5𝜃(𝑔)𝑃(𝐺 = 𝑔|𝐺 ≤ 𝑇)
"∈)

 525 

𝜃(𝑒) = 5𝟏
"∈)

{𝑔 + 𝑒 ≤ 𝑇}𝑃(𝐺 = 𝑔|𝐺 + 𝑒 ≤ 𝑇)𝐴𝑇𝑇(𝑔, 𝑔 + 𝑒) 526 

where T is the maximum time period, 𝜃(𝑔, 𝑒$, 𝑒%) donates the average effect for units in group g 527 

across treatment period from 𝑔 + 𝑒$ to 𝑔 + 𝑒%. The overall treatment effect 𝜃# is a weighted 528 

summary of 𝜃(𝑔) for all groups G, with the weight proportional to the group sizes.  529 

  530 
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Supplementary Materials 662 

Supplementary Note 1. Identification of user sample and its representativeness. 663 

The user sample of this study was collected by first rough searching and then precise 664 

identification. We retrieved tweets through official Twitter APIs using a set of predefined 665 

keywords or phrases that widely occurred in related narratives such as “vaccine”, “I got 666 

vaccinated”, “I got/had/took/received my/the vaccine”, “I got the Pfizer/Moderna/Johnson”, etc. 667 

(Supplementary Table 1). The search dropped exact matches to obtain a sample as large as 668 

possible. 669 

Supplementary Table 1. Keywords list for searching potentially vaccinated Twitter users 670 

Keywords list 

vaccine 

vaccinate 

vaccinated 

I got vaccinated 

I got/had/took/received my/the vaccine 

I got/had/took/received my/the dose 

I got/had/took/received my/the first shot 

I got/had/took/received my/the second shot 

I got the Pfizer 

I got the Moderna 

I got the Johnson 

  671 
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Next, we filtered out tweets that are irrelevant to self-vaccination through string matching, 672 

keeping only those that can clearly identify the date, dose, and type (if any) of vaccination. SI 673 

Table. 2 presents the rules of identification with some examples.  674 

Supplementary Table 2. Matching strategy for identifying vaccinated Twitter users 675 

Regex expression Example 

([.,!?]\\s|^)(?:\\w+\\s){0,3}(?i:We|We'v|We've|I|I'
v|I've|We’v|We’ve|I’v|I’ve)(?:\\s\\w+){0,1}\\s(?i:
got|had|took|received)\\s(?i:my|our|the)(?:\\s(#)?\\
w+){0,5}\\s(#)?(?i:vaccine|vac|booster) 

I got my 1st #COVID19 #vaccine today. The 
mass vax site was welcomingsefficient. 
I got my first dose of the #vaccine today, and 
it’s such an amazing feeling I want to shout it to 
the world! 🙌#onesteptowardfreedom  

([.,!?]\\s|^)(?i:(Just\\s)?(Already\\s)?(Finally\\s)?
Got|Had|Took|Received)\\s(?i:my|our|the)(?:\\s(#
)?\\w+){0,5}\\s(#)?(?i:vaccine|vac|booster) 

Got our 1st vaccine for covid today! #vaccine 
#science #thankful 
Just had my COVID Vaccine 
🥳🎊#COVIDVaccine #vaccinated  

([.,!?]\\s|^)(?:\\w+\\s){0,3}(?i:We|We'v|We've|I|I'
v|I've|We’v|We’ve|I’v|I’ve)(?:\\s\\w+){0,1}\\s(?i:
got|had|took|received)\\s(?i:my|our|the)(?:\\s(#)?\\
w+){0,3}\\s(#)?(?i:dose|doze|shot|jab|booster) 

I got my second Pfizer shot last week.. s/o to us! 
❤ #Vaccinate  

I had my AstraZeneca jab yesterday. No 
reaction and could barely feel where it was all 
day yesterday.  

([.,!?]\\s|^)(?i:(Just\\s)?(Already\\s)?(Finally\\s)?
Got|Had|Took|Received)\\s(?i:my|our|the)(?:\\s(#
)?\\w+){0,3}\\s(#)?(?i:dose|doze|shot|jab|booster) 

Just got my second Covid shot. I’m fully 
vaccinated! 💪 

Go Billy! Received my first dose yesterday. 

([.,!?]\\s|^)(?:\\w+\\s){0,3}(?i:We|We'v|We've|I|I'
v|I've|We’v|We’ve|I’v|I’ve)(?:\\s\\w+){0,1}\\s(?i:
got|had|took|received)(?:\\s(#)?\\w+){0,2}\\s(#)?(
?i:vaccinated|boosted) 

I got vaccinated today!!!!! 😁💪 
#GetVaccinated 
Well I just got vaccinated lol. Let’s hope I don’t 
die 

([.,!?]\\s|^)(?:\\w+\\s){0,3}(?i:I|I\\sam|I'm|I'v|I've|
I\\sam|I’m|I’v|I’ve)(?:\\s\\w+){0,2}\\s(#)?(?i:vacc
inated|boosted) 

I am officially vaccinated against COVID19. 
Got the Johnson and Johnson shot this morning! 
I'm fully vaccinated, got my 2nd jab today! 😍   

([.,!?]\\s|^)(?i:(Just\\s)?(Already\\s)?(Finally\\s)?
Got|Had|Took|Received)(?:\\s(#)?\\w+){0,2}\\s(#
)?(?i:vaccinated|boosted) 

Got fully vaccinated yesterday and I feel like 
shit 
Just got fully vaccinated and I've never been 
hotter 🔥 

([.,!?]\\s|^)(?i:Fully\\s)?(#)?(?i:vaccinated|booste Fully vaccinated! Got my booster today. Can’t 
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d)! wait for everyone to get this vaccine so I can get 
back to comic conventions. 
Fully #vaccinated!!!! Got my 2nd Moderna shot 
today!!!! In 14 days I'll be 95% resistant!!!! 

(?i:one\\sto\\sgo) OUT Damn #Covid! / One☝Down, One to GO! 
/ .💉 #vaccinated (CVS pharmacy  in West 
Covina, CA)  
Shot #1 down, one to go!!! #vaccinated  

([.,!?]\\s|^)(?:\\w+\\s){0,3}\\w+(!){1,10}\\s(?i:#v
accinated|boosted) 

Did a thang today!!! #vaccinated  
Got it! #vaccinated #CovidVaccine 
This happened today! #vaccinated  

([.,!?]\\s|^)(?:\\w+\\s){0,3}(?i:We|We'v|We've|I|I'
v|I've|We’v|We’ve|I’v|I’ve)(?:\\s\\w+){0,1}\\s(?i:
got|had|took|received)(?:\\s(#)?\\w+){0,5}\\s(#)?(
?i:Pfizer|Moderna|Johnson|JsJ|J&J) 

Yay! I got the Pfizer one yesterday! 💕 

I got the Moderna on Monday. Six weeks to 
fully vaccinated! 

([.,!?]\\s|^)(?i:(Just\\s)?(Already\\s)?(Finally\\s)?
Got|Had|Took|Received)\\s(?i:my|our|the)(?:\\s(#
)?\\w+){0,5}\\s(#)?(?i:Pfizer|Moderna|Johnson|Js
J|J&J) 

Got my Pfizer yesterday. I had muscle aches all 
night in my sleep. Hope the second one is better 
Got JohnsonsJohnson vaccinated on Monday 
and was as sick Monday as I ever was.  

  676 
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We further dropped tweets 1) pointing to an appointment, 2) saying other people got a vaccine, 677 

3) referring to vaccines other than COVID-19, 4) cannot identify which dose people received, 5) 678 

cannot identify the exact week of vaccination, 6) double quoted that may come from others’ 679 

words. SI Table. 3 lists the criteria of tweet exclusion with examples.  680 

Supplementary Table 3. Rules of unqualified users exclusion 681 

Rules of exclusion Example 

Vaccine appointment  Just got my 1st #COVID #vaccine scheduled! 
Thank god for science! 
Got my COVID vaccine appt for this Friday!!! I 
feel so much hope right now ☺💚 

Family members or others got vaccinated I got my mom a VACCINE!!!! 💉 💉 

I finally got my parents vaccine appointments! 
🥳🥳🥳 

Vaccine for other diseases Got my shingles vaccine today. I’m officially 
old. 
I got my vaccine yesterday!*tetanus shot 

Cannot identify which dose they got Glad I got vaccinated before this Johnson and 
Johnson vaccine came out! I don’t trust it at all 
I already got my COVID vaccine soooo.... 

Cannot identify the exact week of vaccination When I got my 1st vaccine I had headache and 
wicked arm pain. 
I got fully vaccinated this month.  

  682 
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People did not always tweet right after vaccination. We can usually see some phrases in the text 683 

representing the time interval between posting and being vaccinated, such as “yesterday”, “two 684 

days ago”, “this past Friday”, etc. We determined people’s actual date of vaccination prior to 685 

analysis. SI Table 4 presents typical cases of time adjustment. 686 

Supplementary Table 4. Examples for adjusting vaccination timing of users 687 

Example Post date Adjustment 

Husband and I both got vaccinated yesterday! 😁  -1 

Had my second Moderna shot ~23 hours ago. Nurse told me the 
possible side effects. 

 -1 

Just got my second dose of the Moderna vaccine two hours ago.  0 

I literally got vaccinated 10 minutes ago but I’m down!  0 

I dunno. I got vaccinated two days ago  -2 

I got Pfizer shot 10 days ago. Only side effect was pain in the arm.  -10 

I got my first Maderna vaccine last week! 👍💉  -7 

I got my vaccine two weeks ago.  Thanks BOP!!!  -14 

That’s awesome! But how come I got prioritizes over Doyle. I got 
my second dose over the weekend.  

2021-03-09, Tue -3 

I got my first vaccine shot this past weekend thanks to 😊💚 
#grateful 

2021-03-29, Mon -2 

I got my second Pfizer vaccine on Friday and my arm still sore 🙃 2021-02-22, Mon -3 

I got my first vaccine (pfizer) this past Wednesday 2021-02-26, Sat -2 

Be smart. Be safe. Get vaccinated! I got my 2nd vaccine last 
Saturday. 

2021-03-01, Mon -2 

That's amazing!! YAY! I got my second shot of Moderna 3 
Saturdays ago because I am a caregiver. I had no side effects 
either. 👍😊 

2021-03-24, Wed -18 

I hear you! Got my second Pfizer shot on 3/22! 2021-04-03 -12 

I got my 2nd dose of Moderna on April 10th!😋No side effects and 
feeling great.  

2021-04-17 -7 

 688 
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For those who reported the second dose, we extrapolated the date of the first dose by going back 689 

four weeks before full vaccination. We tested the plausibility of this method. Taking advantage 690 

of 4,813 users who tweeted the exact dates of both shots, we summarized their actual date gaps 691 

between the two doses. SI Fig. 1 shows that most of them got the second dose three (21 days) or 692 

four (28 days) full weeks after their first-time injections, with a median date interval of 27 days, 693 

suggesting that our extrapolation method is reasonable. 694 

 695 

Supplementary Fig. 1 Distribution of day intervals between first and second doses. The 696 

histogram is drawn from 4,813 users who tweeted both shots in our sample. The red dashed line 697 

shows the median value. 698 

 699 

Finally, we validated the representativeness of samples over space and time. In this study, we 700 

identified people’s States from profile locations and discarded those who cannot be identified as 701 

living in America. From the spatial perspective, we gathered the official statistics of vaccination 702 

from The New York Times (https://www.nytimes.com/interactive/2020/us/covid-19-vaccine-703 

doses.html). SI Fig. 2 shows that, by the end of June, the number of vaccinated Twitter users in 704 

our dataset is highly correlated with the statistical number of people who received at least one 705 

dose at the state level (pearson corr. = 0.97).  706 
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 707 

Supplementary Fig. 2 Representativeness of spatial distribution of users. The state-level 708 

comparison between the number of vaccinated Twitter users and the statistical number of 709 

populations received at least one dose by the end of June 2021.  710 

From a temporal perspective, we tracked the daily cumulative number of Twitter users who got 711 

one and two shots, respectively. We found our sample well correlated with the official statistics, 712 

especially since early March (pearson corr. = 0.99) when mass vaccination was rolled out to the 713 

general public and vaccines were not exclusively available to health workers (SI Fig. 3). 714 

 715 

Supplementary Fig. 3 Representativeness of temporal distribution of users. The areal filled 716 

distributions in light blue and light red are overlapped, showing the statistical number of 717 

populations received one and two dose(s). The blue and red line show the number of Twitter 718 

users in this study.   719 
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Supplementary Note 2. The effect of booster shots on expressed sentiment. 720 

We investigated how people’s expressed sentiment was affected by getting the booster shot of 721 

COVID-19 vaccine. Following the same modeling framework as Fig. 2a, we focused on 22,116 722 

users who got boosted between 1st July, 2021 and 31th March, 2022, and set 5,326 of them in 723 

2022 as the never-treated group. SI Fig. 4 shows that individuals’ sentiments see no remarkable 724 

changes before and after the booster shots, indicating that a third dose of vaccine does not bring 725 

evident affective benefits as being vaccinated for the first time. 726 

 727 

Supplementary Fig. 4. The effect of booster shot on expressed sentiment. The error bars 728 

represent the 95% confidence intervals.   729 
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Supplementary Note 3. Robustness checks of staggered DiD model settings. 730 

We tested our staggered DiD model settings from four aspects. First, we tried discarding those 731 

vaccinated after July 2021 (i.e., the never-treated group) to test what if early vaccinated 732 

individuals cross-compared only with later vaccinated individuals before July 2021 (i.e., the not-733 

yet-treated group). Supplementary Fig. 5 shows a sentiment change similar to Fig. 2 except for 734 

an insignificant change in week 15. The aggregated effect size for full vaccination is 0.059 s.d. 735 

(P < 0.001, 95% CI 0.036 to 0.082), which is comparable to our main conclusion (0.055 s.d., P < 736 

0.001, 95% CI 0.037 to 0.072), indicating that excluding the never-treated group has limited 737 

influence on our findings. 738 

 739 

Supplementary Fig. 5. Sensitivity analysis for absence of never-treated group. The model 740 

setting is the same as Fig. 2a but excludes individuals vaccinated after early July, i.e., the never-741 

treated group. The error bars represent the 95% confidence intervals. 742 

  743 
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We then alternatively deactivated the staggered setting by comparing early vaccinated 744 

individuals with only those who got vaccinated after July (i.e., the never-treated group). We 745 

found poorly followed parallel assumptions before vaccination with less significant post-746 

vaccination sentiment changes (0.041 s.d., P = 0.001, 95% CI 0.016 to 0.065) (SI Fig. 6). These 747 

results underscore the importance of cross-comparison with the not-yet-treated group in 748 

investigating the impact of vaccination. 749 

 750 

Supplementary Fig. 6. Sensitivity analysis for the absence of not-yet-treated group. The 751 

model setting is the same as Fig. 2a but removes later vaccinated individuals before early July, 752 

i.e., the not-yet-treated group, from the control group. The error bars represent the 95% 753 

confidence intervals. 754 

  755 
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The concluded impact of vaccination on expressed sentiment may be also associated with the 756 

time point separating out the never-treated group. We tested different model settings by defining 757 

individuals who got vaccinated after early June (week 23), early July (week 27, the same as Fig. 758 

2), and early August (week 31) as the never-treated group, respectively. We found average 759 

treatment effects gradually decline from 0.060 s.d. (P < 0.001, 95% CI 0.044 to 0.076) in week 760 

23 to 0.049 s.d. (P < 0.001, 95% CI 0.032 to 0.067) in week 31 (SI Fig. 7), indicating that the 761 

effect of vaccination on expressed sentiment is more pronounced in earlier stages.  762 

 763 
Supplementary Fig. 7. Sensitivity analysis for different length of effect estimate. The model 764 

setting is the same as Fig. 2a but sets early June, early July, and early August as the end point of 765 

effect estimate (the time point separating out never-treated group), respectively. The error bars 766 

represent the 95% confidence intervals. 767 

  768 
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Finally, we validated our results by applying the same model as Fig. 2a to sentiment valence 769 

calculated from LIWC, VADER, and NRC, three other commonly used dictionaries. We found 770 

smaller medium-term effects for LIWC (0.028 s.d., P = 0.002, 95% CI 0.011 to 0.046), VADER 771 

(0.023 s.d., P = 0.005, 95% CI 0.007 to 0.040), and NRC (0.021 s.d., P = 0.027, 95% CI 0.002 to 772 

0.039). We attributed their difference with our main results to the fact that they did not include 773 

high-frequency terms newly emerged during the pandemic.  774 

 775 
Supplementary Fig. 8. Sensitivity analysis for alternative sentiment measures. The model 776 

setting is the same as Fig. 2a, with expressed sentiment measured by alternative dictionaries 777 

including LIWC, VADER, and NRC. The error bars represent the 95% confidence intervals. 778 

  779 
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Supplementary Note 4. Parallel assumption test 780 

Under the staggered DiD model setting, we examined the parallel assumption by designing 781 

Placebo tests for the never-treated group and the not-yet-treated group separately.  782 

First, we focus on the not-yet-treated group. For each group of people vaccinated in the same 783 

week, we selected the corresponding not-yet-treated group (i.e., individuals who got later 784 

vaccinated after that week but before early July), assigned that week as their dummy week of 785 

vaccination, and then reperformed staggered DiD. SI Fig. 9 shows the selected cases for week 5, 786 

10, 15, 20, and 25. We see no remarkable changes in different time slots, suggesting that the not-787 

yet-treated group of later vaccinated individuals are a reasonable control group for the early 788 

vaccinated. 789 

 790 
Supplementary Fig. 9. Placebo test for not-yet-treated group. The error bars represent the 791 

95% confidence intervals. 792 



47 
 

Next, we isolated the never-treated group, i.e., individuals who got their first dose after early 793 

July, from our sample. We assigned them a random week before their first dose as the dummy 794 

week of vaccination, reperformed staggered DiD on dummy vaccination weeks with the same 795 

model setting as our main results, and then iterated 1,000 times. The averaged effects in SI Fig 796 

10 shows no significant changes over time, implying that our defined never-treated group is a 797 

legitimate control for early vaccinated individuals. 798 

 799 

Supplementary Fig. 10. Placebo test for never-treated group. The error bars represent the 800 

95% confidence intervals. 801 

 802 

  803 
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Supplementary Note 5. Short-term heterogeneity effect sizes 804 

SI Fig. 11 reports the short-term effect sizes of vaccination (4-7 weeks post first dose) on the 805 

expressed sentiment. We found that the relative effect sizes for most heterogeneous dimensions 806 

are identical across short- and medium-term periods. Males (0.044 s.d., P < 0.001, 95% CI 0.025 807 

to 0.063), younger generation (0.047 s.d., P = 0.024, 95% CI 0.006 to 0.088), and Hispanic 808 

American (0.061 s.d., P = 0.006, 95% CI 0.018 to 0.104) see higher sentiment improvement. The 809 

sentiment changes between people living in states with different party leaning and economic 810 

development show insignificant differences or a gap at the lowest significant level (P < 0.05). 811 

However, some ethnic minorities see diverging changes. Asian people show no significant 812 

changes during the short-term period (0.026 s.d., P = 0.162, 95% CI -0.011 to 0.063) but 0.071 813 

s.d. (P = 0.033, 95% CI 0.006 to 0.137) sentiment increase one month after full vaccination. On 814 

the contrary, African Americans show significant sentiment improvement during the short-term 815 

period (0.053 s.d., P = 0.003, 95% CI 0.018 to 0.088) but back to insignificant thereafter (0.045 816 

s.d., P = 0.078, 95% CI -0.005 to 0.095), indicating that the mental bonus from vaccination is 817 

transitionally evident to African Americans rather than long-lasting. 818 
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819 
Supplementary Fig. 11. Short-term heterogeneous effects of vaccination on expressed 820 

sentiment. The average treatment effect across 4-7 weeks after first dose vaccination. The 821 

heterogeneous dimensions are defined in the same way as Fig. 3. Error bars in bold, light grey 822 

show standard deviation. Error bars in black represent 95% confidence intervals, with * p < 0.05; 823 

** p < 0.01; *** p < 0.001. 824 

 825 


