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Appendix S1. Selection of a tool for automated sentiment analysis and description of the VADER algorithm 

Automated techniques for sentiment analysis can be broadly divided into two categories: lexicon-based versus data-driven approaches.1,2 Numerous lexicon-based approaches exist (e.g., Linguistic Inquiry and Word Count (LIWC), VADER, SentiStrength), all of which involve comparing component words to an established lexicon that assigns a score representing the degree to which a given word expresses positive versus negative sentiment. Lexicon-based approaches are popular because they are readily applicable, computationally efficient, and do not require labeled data for training.1,2 However, these tools are limited by the depth of their lexicons and may perform poorly when applied to data that includes domain-specific vocabulary or slang. Additionally, since the polarity and magnitude of the sentiment expressed by a given word is highly dependent on the context in which it is used (e.g., negation, sarcasm), lexicon-based methods may perform poorly when applied to more nuanced phrases.1,2 To address this limitation, approaches such as VADER have incorporated heuristics to adjust the score of a given word based on its context (e.g., surrounding negating words, capitalization, punctuation),3 and other methods such as SentiStrength have applied machine learning techniques to allow adjustment of scores in the lexicon based on a sample of labelled texts.4   
Data-driven or supervised learning approaches attempt to address the limitations of lexicon-based methods by leveraging machine learning algorithms (e.g., support vector machines, deep learning) to classify text sentiment based on patterns extracted from a sample of texts coded by human reviewers.1,2 Although data-driven approaches avoid the limitations of a pre-specified lexicon and may be more robust to nuanced expressions than lexicon-based approaches, they require large, labelled training datasets and are vulnerable to overfitting. In addition to the significant costs in terms of time, labor, and data, data-driven approaches are computationally expensive, particularly when applied to large datasets as in epidemiological research, and require advanced programming knowledge.1 
Since our dataset consisted of a relatively small number of texts (N = 1,997), it was not feasible to construct a training dataset sufficiently large so as to prevent overfitting and achieve adequate classifier performance without drastically reducing statistical power. Consequently, we could not use many existing data-driven methods for automated sentiment analysis. Additionally, since comments were frequently short, we sought to identify a method that had been validated in short texts.
Ribeiro et al.2 compared the performance of 24 automated sentiment analysis methods that do not require training data in classifying short texts as positive, negative, or neutral across eighteen datasets coded by human raters. Across all datasets, the VADER compound score achieved the highest mean rank overall (4 out of 24) and across datasets of comments (3.33 out of 24). The authors concluded that VADER was most consistently among the top methods across all datasets.2 Similarly, a comparison of the performance of VADER, LIWC, TEXT2DATA, and ChatGPT 4.0 in classifying YouTube comments found that the VADER compound score had excellent discrimination (area under the receiver operating characteristic curve = 0.80 [0.78, 0.82]), outperforming the other methods.1  Moreover, the VADER compound score outperformed two support vector machine models, a naïve Bayes model, a maximum entropy model, and seven other lexicon-based classification methods in classifying tweets as positive, negative, or neutral based on the compound score.3 
In light of VADER’s performance relative to other automated methods for sentiment analysis and its application in existing research on public health5,6 and mental health,7–9 we elected to use the VADER algorithm for the present analysis. The VADER lexicon consists of over 7,500 features, including words from established lexicons (i.e., LICW, General Inquirer10, Affective Norms for English Words11), emoticons, acronyms, and slang. The polarity (i.e., positivity or negativity) and intensity associated with each feature was assigned by ten independent raters, such that each is associated with a score between -4 (extremely negative) and 4 (extremely positive). Additionally, to consider the context in which components are used, the VADER algorithm applies five heuristics that adjust the intensity and/or polarity of features based on the presence and number of exclamation points, capitalization, presence of degree modifiers (e.g., very, extremely, marginally), presence of the word “but”, and presence of negating words preceding the feature.3 
The VADER algorithm functions by first identifying all features in a given text and assigning each a sentiment score by matching them to the lexicon.12 It then applies the aforementioned heuristics to adjust the intensity and/or polarity of each score based on surrounding features and sums all scores to compute a compound score. The compound score is then normalized to range from -1 (very negative) to 1 (very positive). In addition to this compound score, the VADER algorithm also outputs the proportion of words in a given text that are positive, neutral, and negative.12 However, only the compound score accounts for the rule-based adjustments.12 Since VADER’s heuristics address common pitfalls of lexicon-based approaches for automated sentiment analysis and have been shown to greatly improve the performance of other lexicon-based algorithms,2 we elected to use VADER’s compound score as the measure of emotional valence in our analysis. 
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	Table S1. Descriptive Characteristics of Commenters vs. Non-Commenters

	 
	 
	Non-Commentors
(N = 4,629)
	Commentors
(N = 2,272)

	Age    M (SD)
	65.6 (4.51)
	65.8 (4.43)

	Non-Hispanic White    N (%)
	4,296 (92.8%)
	2,138 (94.1%)

	History of Diagnosed Depression   N (%)
	1,390 (30.0%)
	702 (30.9%)

	Current Healthcare Worker    N (%)
	1,282 (27.7%)
	502 (22.1%)

	COVID-19 Cause of Death    N (%)
	890 (19.2%)
	422 (18.6%)

	Region of the US    N (%)
	
	

	
	Northeast
	1,300 (28.1%)
	631 (27.8%)

	
	West
	739 (16.0%)
	404 (17.8%)

	
	South
	1,117 (24.1%)
	545 (24.0%)

	
	Midwest
	1,436 (31.0%)
	680 (29.9%)

	
	Outside US
	15 (0.3%)
	8 (0.4%)

	
	Missing
	22 (0.5%)
	4 (0.2%)

	Median Household Income    
Median [Min, Max]
	75,700 
[0, 250,000]
	77,100 
[0, 250,000]

	2017 CES-D-10 Score    M (SD)
	6.01 (4.35)
	5.99 (4.27)

	      Missing
	235 (5.1%)
	106 (4.7%)

	2017 GAD-7 Score    M (SD)
	2.86 (3.25)
	2.92 (3.22)

	      Missing
	235 (5.1%)
	104 (4.6%)

	Relationship with Deceased    N (%) 
	
	

	
	Partner or Child
	107 (2.3%)
	93 (4.1%)

	
	Parent, Sibling, or Grandparent
	845 (18.3%)
	641 (28.2%)

	
	Friend
	1,606 (34.7%)
	508 (22.4%)

	
	Another Relationship
	2,066 (44.6%)
	1,027 (45.2%)

	
	Missing
	5 (0.1%)
	3 (0.1%)

	Q1 PHQ-4 Total Score    M (SD)
	2.46 (2.60)
	2.55 (2.61)

	Q1 PHQ-4 Anxiety Score    M (SD)
	1.48 (1.51)
	1.53 (1.50)

	Q1 PHQ-4 Depression Score    M (SD)
	0.98 (1.32)
	1.03 (1.35)

	CES-D-10 = Center for Epidemiological Studies – Depression Scale; GAD-7 = Generalized Anxiety Disorder – 7; PHQ-4 = Patient Health Questionnaire – 4; Q1 = Quarterly 1 survey.




	Table S2. Descriptive Characteristics of Analytic Sample vs. Excluded 

	 
	 
	Analytic Sample
(N =1,997)
	Excluded
(N = 275)

	Age    M (SD)
	65.9 (4.41)
	65.3 (4.58)

	Non-Hispanic White    N (%)
	1,886 (94.4%)
	252 (91.6%)

	History of Diagnosed Depression   N (%)
	608 (30.4%)
	94 (34.2%)

	Current Healthcare Worker    N (%)
	444 (22.2%)
	58 (21.1%)

	COVID-19 Cause of Death    N (%)
	366 (18.3%)
	56 (20.4%)

	Region of the US    N (%)
	
	

	
	Northeast
	568 (28.4%)
	63 (22.9%)

	
	West
	348 (17.4%)
	56 (20.4%)

	
	South
	474 (23.7%)
	71 (25.8%)

	
	Midwest
	607 (30.4%)
	73 (26.5%)

	
	Outside US
	0 (0%)
	8 (2.9%)

	
	Missing
	0 (0%)
	4 (1.5%)

	Median Household Income    
Median [Min, Max]
	77,400 
[8,080, 250,000]
	72,400 
[0, 217,000]

	2017 CES-D-10 Score    M (SD)
	6.01 (4.29)
	5.71 (4.06)

	2017 GAD-7 Score    M (SD)
	2.93 (3.25)
	2.83 (2.87)

	Relationship with Deceased    N (%) 
	
	

	
	Partner or Child
	85 (4.3%)
	8 (2.9%)

	
	Parent, Sibling, or Grandparent
	585 (29.3%)
	56 (20.4%)

	
	Friend
	454 (22.7%)
	54 (19.6%)

	
	Another Relationship
	873 (43.7%)
	154 (56.0%)

	
	Missing
	0 (0%)
	3 (1.1%)

	Q1 PHQ-4 Total Score    M (SD)
	2.56 (2.59)
	2.51 (2.70)

	Q1 PHQ-4 Anxiety Score    M (SD)
	1.54 (1.50)
	1.45 (1.52)

	Q1 PHQ-4 Depression Score    M (SD)
	1.02 (1.34)
	1.06 (1.38)

	CES-D-10 = Center for Epidemiological Studies – Depression Scale; GAD-7 = Generalized Anxiety Disorder – 7; PHQ-4 = Patient Health Questionnaire – 4; Q1 = Quarterly 1 survey.
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	Table S3. Descriptive Characteristics of Participants Excluded for Missing Data vs. Analytic Sample

	 
	 
	Analytic Sample
(N =1,997)
	Participants Missing Data
(N = 110)

	Age    M (SD)
	65.9 (4.41)
	64.3 (4.43)

	Non-Hispanic White    N (%)
	1,886 (94.4%)
	100 (90.9%)

	History of Diagnosed Depression   N (%)
	608 (30.4%)
	34 (30.9%)

	Current Healthcare Worker    N (%)
	444 (22.2%)
	30 (27.3%)

	COVID-19 Cause of Death    N (%)
	366 (18.3%)
	23 (20.9%)

	Region of the US    N (%)
	
	

	
	Northeast
	568 (28.4%)
	31 (29.0%)

	
	West
	348 (17.4%)
	14 (13.1%)

	
	South
	474 (23.7%)
	27 (25.2%)

	
	Midwest
	607 (30.4%)
	30 (28.0%)

	
	Outside US
	0 (0%)
	5 (4.7%)

	
	Missing
	0 (0%)
	3 (2.7%)

	Median Household Income    
Median [Min, Max]
	77,400 
[8,080, 250,000]
	85,900 
[0, 132,000]

	     Missing
	0 (0%)
	99 (90.0%)

	2017 CES-D-10 Score    M (SD)
	6.01 (4.29)
	4.00 (3.37)

	     Missing
	0 (0%)
	96 (87.3%)

	2017 GAD-7 Score    M (SD)
	2.93 (3.25)
	2.33 (2.02)

	     Missing
	0 (0%)
	94 (85.5%)

	Relationship with Deceased    N (%) 
	
	

	
	Partner or Child
	85 (4.3%)
	5 (4.7%)

	
	Parent, Sibling, or Grandparent
	585 (29.3%)
	40 (37.4%)

	
	Friend
	454 (22.7%)
	21 (19.6%)

	
	Another Relationship
	873 (43.7%)
	41 (38.3%)

	
	Missing
	0 (0%)
	3 (2.7%)

	Q1 PHQ-4 Total Score    M (SD)
	2.56 (2.59)
	2.49 (2.55)

	Q1 PHQ-4 Anxiety Score    M (SD)
	1.54 (1.50)
	1.45 (1.55)

	Q1 PHQ-4 Depression Score    M (SD)
	1.02 (1.34)
	1.05 (1.27)

	CES-D-10 = Center for Epidemiological Studies – Depression Scale; GAD-7 = Generalized Anxiety Disorder – 7; PHQ-4 = Patient Health Questionnaire – 4; Q1 = Quarterly 1 survey.




	Table S4. Results of Linear Mixed Effects Models Other Predicting Patient Health Questionnaire-4 Total Score and Subscale Scores Among Whole Sample (N =1,997).

	 
	 
	ln(PHQ)
	 
	ln(PHQ-A)
	 
	ln(PHQ-D)

	
	
	Minimally Adjusted
	Fully Adjusted
	Fully Adjusted + Time Interaction
	
	Minimally Adjusted
	Fully Adjusted
	Fully Adjusted + Time Interaction
	
	Minimally Adjusted
	Fully Adjusted
	Fully Adjusted + Time Interaction

	
	β [95% CI]
	
	β [95% CI]
	
	β [95% CI]

	Partner or Child vs Other
	0.29 
[0.07, 0.50]
	0.30 
[0.11, 0.48]
	0.30 
[0.11, 0.48]
	
	0.15
[-0.09, 0.38]
	0.15
[-0.05, 0.35]
	0.15 
[-0.05, 0.36]
	
	0.56
[0.34, 0.79]
	0.52
[0.34, 0.70]
	0.52
[0.34, 0.70]

	Partner or Child vs Other x Time
	-0.19 
[-0.37, -0.01]
	-0.19 
[-0.37, -0.01]
	-0.19 
[-0.37, -0.01]
	
	-0.09
[-0.29, 0.10]
	-0.09
[-0.28, 0.11]
	-0.09
[-0.29, 0.10]
	
	-0.41
[-0.59, -0.23]
	-0.37
[-0.54, -0.19]
	-0.37
[-0.54, -0.19]

	Word Count
	0.09 
[0.05, 0.13]
	0.05 
[0.02, 0.09]
	0.05 
[0.01, 0.08]
	
	0.08
[0.04, 0.13]
	0.05 
[0.01, 0.09]
	0.04 
[0.00, 0.08]
	
	0.09
[0.05, 0.13]
	0.06
[0.02, 0.09]
	0.06
[0.02, 0.09]

	Word Count x Time
	
	
	0.02 
[-0.02, 0.05]
	
	
	
	0.01 
[-0.03, 0.05]
	
	
	
	0.00
[-0.04, 0.03]

	Partner or Child vs Other
	0.30 
[0.09, 0.52]
	0.31 
[0.12, 0.49]
	0.30 
[0.12, 0.49]
	
	0.16
[-0.08, 0.40]
	0.16
[-0.04, 0.36]
	0.15
[-0.05, 0.36]
	
	0.59
[0.36, 0.81]
	0.53
[0.35, 0.71]
	0.53
[0.35, 0.71]

	Partner or Child vs Other x Time
	-0.19 
[-0.37, -0.01]
	-0.19 
[-0.37, -0.01]
	-0.18 
[-0.36, 0.00]
	
	-0.10
[-0.29, 0.10]
	-0.09
[-0.28, 0.11]
	-0.08
[-0.27, 0.11]
	
	-0.41
[-0.59, -0.23]
	-0.37
[-0.54, -0.19]
	-0.36
[-0.54, -0.19]

	Emotional Valence
	-0.06
[-0.10, -0.02]
	-0.04 
[-0.06, 0.00]
	-0.05 
[-0.09, -0.01]
	
	-0.06
[-0.10, -0.02]
	-0.03
[-0.07, 0.01]
	-0.05 
[-0.09, -0.01]
	
	-0.06
[-0.10, -0.02]
	-0.03
[-0.06, 0.00]
	-0.04
[-0.08, 0.00]

	Emotional Valence x Time
	
	
	0.02 
[-0.01, 0.06]
	
	
	
	0.04
[0.00, 0.08]
	
	
	
	0.02
[-0.01, 0.06]

	Minimally adjusted models control for age as of March 2020. Fully adjusted models additionally control for ever diagnosis of depression, pre-pandemic CES-D-10 and GAD-7 scores, White race, quartiles of median geolocated household income, region of the United States, binary indicator of COVID-19 cause of death, and binary indicator for being employed as a healthcare worker at the time of responding to the baseline survey. Note that, due to multiple comparisons, the confidence intervals presented here underrepresent the true uncertainty in conclusions drawn from these results. 
PHQ = Patient Health Questionnaire-4; PHQ-A = Anxiety scale of Patient Health Questionnaire-4; PHQ-D = Depression scale of Patient Health Questionnaire-4; β = standardized regression coefficient; 95% CI = 95% confidence interval.





