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Importance: Emotional exhaustion (EE) rates in healthcare workers (HCWs) have reached alarming levels and been linked to worse quality of care. Prior research has shown linguistic characteristics of writing samples can predict mental health disorders. Understanding whether linguistic characteristics are associated with EE could help identify and predict EE.

Objectives: To examine whether linguistic characteristics of HCW writing associate with prior, current, and future EE.

Design, setting, and participants: A large hospital system in the Mid-West had 11,336 HCWs complete annual quality improvement surveys in 2019, and 10,564 HCWs in 2020. Surveys included a measure of EE, an open-ended comment box, and an anonymous identifier enabling HCW responses to be linked across years. Linguistic Inquiry and Word Count (LIWC) software assessed the frequency of one exploratory and eight a priori hypothesized linguistic categories in written comments. Analysis of covariance (ANCOVA) assessed associations between these categories and past, present, and future HCW EE adjusting for the word count of comments. Comments with <20 words were excluded.

Main outcomes and measures: The frequency of the linguistic categories (word count, first person singular, first person plural, present focus, past focus, positive emotion, negative emotion, social, power) in HCW comments were examined across EE quartiles.

Results: For the 2019 and 2020 surveys, respondents wrote 3,529 and 3,246 comments, respectively, of which 2,101 and 1,418 comments (103,474 and 85,335 words) contained ≥20 words. Comments using more negative emotion (p < 0.001), power (i.e., references relevant to status, dominance, and social hierarchies, e.g., own, order, and allow) words (p < 0.0001), and words overall (p < 0.001) were associated with higher current and future EE. Using positive emotion words (p < 0.001) was associated with lower EE in 2019 (but not 2020). Contrary to hypotheses, using more first person singular (p < 0.001) predicted lower current and future EE. Past and present focus, first person plural, and social words did not predict EE. Current EE did not predict future language use.

Conclusion: Five linguistic categories predicted current and subsequent HCW EE. Notably, EE did not predict future language. These linguistic markers suggest a language of EE, offering insights into EE’s etiology, consequences, measurement, and intervention. Future use of these findings could include the ability to identify and support individuals and units at high risk of EE based on their linguistic characteristics.
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1 Introduction

Emotional exhaustion (EE) in healthcare workers (HCWs) has been linked to higher rates of substance abuse, depression, and suicidal ideation (1–5). EE is also associated with higher rates of medical errors, healthcare-associated infections, and suboptimal patient care (e.g., not answering patients’ questions or not fully discussing treatment options) (6–11). Unfortunately, rates of EE in HCWs have reached concerning levels with 25 to 45% of physicians and 35 to 50% of nurses estimated to have EE (12–15). Recent research suggests that the COVID-19 pandemic has exacerbated EE and mental health issues in HCWs (16, 17). Increasingly, there is interest in signals that predict which groups and work settings are more vulnerable to EE (18, 19). Identifying unobtrusive signals of EE in HCWs could be welcomed by leaders in need of data, and HCWs themselves, who may be unenthusiastic to fill out another burnout survey (20).

Prior research demonstrates that linguistic characteristics of written texts reliably predict the depression level of the writer (21–24). Moreover, the linguistic characteristics of Facebook and Twitter posts have been shown to reliably predict current and future depression, with areas under the curve ranging from 0.67 to 0.89 (25–27). Identifying a pattern of linguistic characteristics for those with EE, or a “language of EE,” could provide a non-invasive method to help health systems identify work settings as potential hot spots for burnout. This pattern could also foster insights into risk factors for EE and opportunities for its prevention (28–30). For example, a workplace shift toward more negative or power-structure-oriented language could signal to administrators a need to recalibrate current management practices.

Psychological research on linguistic categories has revealed compelling linguistic patterns based on personal well-being (22–24, 31) and one’s work culture (21). More specifically, two studies have examined the link between language and EE or burnout. Collectively, they found that greater use of negative emotion (e.g., hurt, ugly, and nasty) words was associated with higher HCW EE (23, 24). Greater use of future tense verbs (e.g., may, will, soon), positive emotions (e.g., love, nice, sweet), references to humans (e.g., adult, baby, boy) and friends (e.g., buddy, neighbor), and assent (e.g., agree, OK, yes) was associated with lower EE (24).

The first study examined how perinatal loss on Italian maternal wards affected the language use of 162 health professionals’ language (21). The authors assessed associations between 56 linguistic categories and the three components of burnout as measured by the Maslach Burnout Inventory (MBI): EE, depersonalization, and personal accomplishment. Although this study advances our understanding of language and burnout, it is limited by its exploratory nature, cross-sectional design, sample size, non-parametric analyses, and increased likelihood of spurious findings due to conducting 168 comparisons.

The second study examined the efficacy of a web-based gratitude letter–writing intervention for improving American healthcare workers’ well-being (20). In a sub-analysis, the study assessed correlations between linguistic categories used in gratitude letters by one) baseline EE (n = 1179; cross-sectional design) and change in EE at a 1-week follow-up (n = 238; baseline linguistics predicting EE change). The analyses of the five selected linguistic categories is hypothesis-driven and uses larger sample size and parametric analyses. However, the small number of linguistic categories and 1-week follow-up complicated by an 80% dropout rate limits the study’s ability to identify a language of EE. Given the limitations of these studies, the emerging research on a language of EE would benefit from a hypothesis-driven, large-scale, longitudinal assessment of how relevant linguistic categories relate to EE across time.

In comparison to EE, there are several studies on associations between language use and depression. Depressed individuals have been shown to use more words overall, and more first person singular (e.g., I, me, and mine), and present focus (e.g., today, is, now) when describing negative memories. For positive memories, they used more present focus, but fewer words overall, and fewer first person singular and positive words (31). Lastly, in a study of HCW’s capacity to conduct quality improvement activities, called improvement readiness, higher readiness was associated with a lower word count (WC; i.e., number of words), greater use of positive emotions, social words (e.g., mate, talk, and they), and first person plural (e.g., we, us, our; at the level of a trend), and less first person singular, past tense verbs (e.g., ago, did, talked), and negative emotion (including the subcategories of anxiety, anger, and sadness) (21).

The linguistic category of power (i.e., references relevant to status, dominance, and social hierarchies; e.g., own, order, and allow) is of particular interest for EE. Increased references to power may capture HCW frustrations with the medical system and its hierarchies, and thus be associated with EE (32). As social psychologist Susan Fiske identified in her research, attention follows those who control one’s outcomes (33).

Based on prior research linking language to depression, and early findings from studies of HCW writings and EE, we developed a series of hypotheses on associations between linguistic category use and EE. We used a 2-year longitudinal data set and expected associations to emerge cross-sectionally (i.e., within the same year), as well as longitudinally (i.e., EE in year 1 predicting language use in year 2’s comments, and language use in year 1 predicting year 2’s EE). Regarding the specific linguistic categories of interest, we hypothesized HCWs with higher EE would use more words overall and more first person singular, past and present tense verbs, negative emotion, anxiety, anger, and sadness. We hypothesized lower EE would associate with greater use of first person plural, future tense verbs, positive emotions, social words, family, friends, and assent. The lack of prior linguistic evidence associating power words and EE precluded a directional hypothesis, and therefore was considered exploratory.


1.1 Objectives

This study examined how the frequency of linguistic categories in HCW comments differed based on their past, current, and future EE.




2 Materials and methods


2.1 Design and population

This is a longitudinal retrospective study that assesses associations between the frequency of linguistic categories in HCW comments and their prior, future, and current (assessed within the same survey) EE. We used a linked 2019 and 2020 dataset from annual surveys of HCWs in a medium-sized Midwestern health system. Specifically, respondents completed the validated Safety, Communication, Operational, Reliability, and Engagement (SCORE) survey, used for quality improvement of the workplace (34). Participation was voluntary.

The data were collected and anonymized by a survey vendor, Safe and Reliable Healthcare, before they were shared with the first, second, and final authors for analysis and archiving. Safe and Reliable Healthcare provide healthcare systems with assessments of constructs related to patient safety and quality, as well as actionable feedback for targeted improvement. This study was approved by the Institutional Review Board at Duke University Medical Center (Pro00083427).



2.2 Materials


2.2.1 SCORE survey

The survey included three main question sections: seven psychometrically validated scales (including EE), ten demographic variables, and an opportunity to leave a comment. An anonymous identifier allowed individuals’ responses to be linked across the 2019 and 2020 surveys. Thus, the comments’ linguistic categories were available for comparisons to EE within the same survey year (i.e., 2019EE–2019comments, 2020EE–2020comments) and to prior (i.e., 2020EE–2019comments) and future years (i.e., 2019EE–2020comments).




2.3 Demographics

Demographic variables were captured in 2020: age, gender, race, job classification, and whether the employee is a registered nurse and/or a supervisor. Thus, demographic data for 2019 participants was only available if they also completed the survey in 2020. Physicians were not included in this SCORE survey, because they were surveyed separately and at different times.



2.4 Emotional exhaustion

Emotional exhaustion was measured with the SCORE survey’s five-item EE derivative of the nine-item MBI EE scale (35). The five-item scale has been demonstrated as reliable and valid (36–38). An example item is “I feel frustrated by my job” (34). Response options range from one (disagree strongly) to five (agree strongly). The mean of these five items is then scaled from 0 to 100, with higher scores indicating greater EE (34). Responses with more than two items missing were excluded. For scores missing one to two items, the mean was calculated based on present items. EE scores demonstrated excellent internal consistency with coefficient alphas of α = 0.93 (2019 EE), and α = 0.95 (2020 EE).



2.5 Linguistic analyses of comments

At the end of the survey, HCWs were prompted to answer the question: “Do you have any other comments, questions, or concerns? Please note that while the survey is anonymous and your individual responses above are confidential and never revealed as an individual response, your free text response below will be sent back to the institution verbatim and associated with your work setting. Your institution may distribute the responses back to work setting leaders either verbatim or in summary form.”

Healthcare worker responses were analyzed by Linguistic Inquiry and Word Count (LIWC) software version 2015 (39). The software references an internal dictionary of 6,400 words and word stems to classify text into 90 output variables (40). Based on the theoretically interesting linguistic themes described earlier, sixteen categories were selected for analysis: Word Count, First Person Singular (e.g., I, me, and mine), First Person Plural, Past Focus (e.g., ago, did, and talked), Present Focus, Future Focus, Positive and Negative Emotion (e.g., hurt, ugly, and nasty), Anxiety, Anger, Sad, Power (e.g., own, order, and allow), Social (e.g., mate, talk, and they), Family, Friends, and Assents (e.g., agree, OK, and yes). More example words are available in Supplementary Appendix Table 1. Word Count (WC) is the number of words in an analyzed text. The other 15 linguistic categories are reported as the percent proportions of words of that category in the text. For example, in the sentence “I love working with my coauthors to improve my paper,” the software documents 30% of words (3 of 10) contain First Person Singular (I, my, and my) and 10% Positive Emotion (love).

Linguistic Inquiry and Word Count proportions are dependent on the denominator, which is the total WC of the text. Thus, proportions in shorter texts (WC ≤ 100) are more variable, yielding less reliable results (41). Since most study comments were shorter than 100 words, linguistic categories with proportions less than 1% were considered unreliable and excluded from analyses. To further improve proportion reliability, linguistic analyses were restricted to comments with WC ≥ 20, which is the conservative, approximate length of a modern day sentence (40, 42). By using this threshold we are reducing the extreme variability exhibited in low word count comments, moreover, we are more likely capturing a fully formed thought or sentence rather than short common phrase, such as “n/a,” “nothing to add,” “nope.”



2.6 Statistical analyses

Study hypotheses were assessed with analysis of covariance (ANCOVA). Associations between EE and the 16 linguistic categories were assessed within the same year (2019 and 2020) and across years (2019EE–2020comments and 2020EE–2019comments). Linguistic categories with frequency proportions less than 1%, were considered too infrequent to make valid inferences, and were therefore excluded from further analyses (43). Post hoc pairwise comparisons then examined the frequency of each linguistic category across the lowest (least exhausted) and highest (most exhausted) quartiles of HCW EE. Since longer comments have been shown to associate with worse mental health and influence the frequency with which a linguistic category is used, analyses of the other 15 linguistic categories controlled for the word count of comments (21, 31). Therefore, word count was used as a covariate for other word categories, but was also analyzed as its own linguistic category variable. Sensitivity analyses additionally controlling for age, gender, and race can be found in the Supplementary Appendix Table 2. Assumptions of linearity were met by natural-log-transforming the categories Present Focus and WC. Due to concerns about multiple comparisons in the current study (n = 36), increasing the likelihood of type one error, we calculated a Bonferroni-corrected p-value of 0.0014.




3 Results


3.1 Participants

Overall, 11,336 HCWs responded in 2019 and 10,564 in 2020. Overall, 3,529 surveys contained comments in 2019 and 3,246 in 2020. Filtering for comments with WC ≥ 20 left 2,109 comments for analysis in 2019 and 1,606 in 2020. Demographic data (i.e., age, gender, and race) was available for 929 comments in 2019 and 1,423 in 2020, refer to Table 1. HCWs were mostly in their 40 and 50 s, predominantly female (83.3%), and White (88.3%). For a more detailed demographic breakdown, refer to Supplementary Appendix Table 3.


TABLE 1    Respondent demographics for surveys with 20 or more words.
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3.2 Missing data

In 2020, 260 respondents commented without filling out the remaining survey items. There are 39 (0.3%) missing responses for EE scores in 2019 and 322 (3.0%) missing for 2020. Sensitivity analyses controlling for demographic variables did not meaningfully change the results. See Supplementary Appendix Table 2.



3.3 Linguistic category base rates

The seven linguistic categories of Future Focus, Sad, Anger, Anxiety, Assent, Family, and Friends were excluded for having proportions less than 1%, a base rate too low to make valid inferences (43). ANCOVA assessed the associations between EE and the nine remaining linguistic categories: Word Count, First Person Singular, First Person Plural, Positive Emotions, Negative Emotions, Power, Present Focus, Past Focus, and Social.



3.4 Outcomes

The mean EE for all survey respondents was 45.3 (95% CI, 44.9–45.8; n = 11,284) in 2019, and 44.8 (95% CI: 44.4–45.3; n = 10,223) in 2020. Table 1 shows the mean EE increased when filtering for comments with WC ≥ 20, 59.2 (95% CI, 57.9–60.6; n = 2,109) for 2019, and 60.2 (95% CI: 58.5–61.9; n = 1,603) for 2020. Respondents writing comments of WC ≥ 20 in 2019 and 2020 scored significantly higher (6.7–15.4 points; p < 0.01) on EE than the overall cohort. WC for 2019 comments ranged from 20 to 1509 with a median of 63 and mean of 93; comments for 2020 ranged from 20 to 623 with a median of 44 and mean of 61. After log transforming the WC category, there were no outliers. The ranges and sample sizes for the EE quartiles of each comparison are documented in Supplementary Appendix Table 4.


3.4.1 Same-year associations

Same-year, pairwise associations of the writing of the lowest and highest EE quartiles controlling for Word Count (Table 2) revealed emotionally exhausted HCWs used more words overall (p < 0.001), Negative Emotion (p < 0.001), and references to Power (p < 0.001). The highest EE quartile also used less First Person Singular (p < 0.001) and Positive Emotion (p2019 < 0.001, p2020 = 0.46). These effects were consistent for 2019 and 2020 data, as highlighted in Figure 1. There were no significant differences between lowest and highest EE quartiles for First Person Plural, Present Focus, Past Focus, and Social words. Analyses controlling for age, sex, and race revealed the same pattern of results (Supplementary Appendix Table 2).


TABLE 2    Pair-wise associations between the frequencies of nine linguistic categories in healthcare worker (HCW) comments across levels of emotional exhaustion (EE).
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FIGURE 1
(A) The linguistic profiles of the least and most emotionally exhausted healthcare workers (HCWs) [2019 emotional exhaustion (EE) and 2019 comments]. (B) The linguistic profiles of the least and most emotionally exhausted HCWs (2020 EE and 2020 comments).




3.4.2 Across year associations

Pairwise associations of the lowest and highest EE quartiles (Table 2) controlling for Word Count revealed emotionally exhausted HCWs in 2020 had used more words (p < 0.001), Negative Emotions (p < 0.001), and references to Power (p < 0.001) in prior (2019) comments. The highest EE quartile also used less First Person Singular words (p < 0.001). Figure 2 highlights these trends. First Person Plural, Present Focus, Past Focus, Positive Emotion, and Social words did not significantly differ between quartiles. Conversely, none of the 2020 linguistic categories significantly differed by 2019 EE quartiles. See Supplementary Appendix Figures 1, 2 for side-by-side visualizations of within and across year data. Analyses controlling for age, sex, and race revealed the same pattern of results (Supplementary Appendix Table 2).
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FIGURE 2
(A) Using linguistic characteristics to predict future EE (2019 comments and 2020 EE). (B) Using emotional exhaustion (EE) to predict future linguistic characteristics (2019 EE and 2020 comments).




3.4.3 Example statements for significant linguistic categories

Statements that used high vs. low frequencies of the five significant linguistic categories demonstrated notable differences in tone and content. Table 3 provides example statements of the highest and lowest proportions of Positive Emotion, Negative Emotion, Power, and First Person Singular.


TABLE 3    Representative comments from the frequent and infrequent use of the linguistic categories.
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4 Discussion

The current study examined associations between linguistic categories used in HCW writings, and their past, current, and future EE scores. Using a large, 2-year dataset, we found Word Count, First Person Singular, Power, and Positive/Negative Emotions were consistently associated with EE–with and without controlling for age, gender, race, and WC. These linguistic categories were mostly consistent in predicting current and future EE (a year later). However, EE did not predict future use of linguistic categories. In other words, language predicted subsequent EE, but EE did not predict subsequent language use. To our knowledge, this is the first study to show that the language used by HCWs can predict subsequent well-being. If these findings are replicated, they raise questions about the etiology of EE and the potential for linguistic analyses to help analyze well-being and inform targeted, preventative interventions.

Overall, linguistic categories mostly linked to EE in the hypothesized direction. In line with prior research on mental health and work environments, the HCWs experiencing high EE used more words and negative emotion, and less positive emotions (21, 23, 31, 43). Depression and EE appear to share this linguistic pattern, potentially reflecting their overlap of emotional suffering (17, 44, 45).

Contrary to our hypothesis, more references to oneself (i.e., First Person Singular) were associated with lower EE, both within the same year and the following year. This differs from depression, where greater use of first person can signal self-focused rumination and social detachment (25, 43, 46–48). The study’s sample comments suggest First Person Singular could indicate increased perceptions of autonomy, competency, and positive relationships with colleagues, factors which might lower EE. For example, “I enjoy my job. I am fortunate to have two managers and my supervisors that I report to. They address my concerns and I feel they always listen to me and help me find answers to my questions…” “I like my job and the people I interact with while doing my job. It is a hard and busy job but I do not mind makes time go buy fast and keeps me focused I think I adapt well to whatever comes my way.” Further examples are available in Table 3. These findings parallel Self-Determination Theory (SDT), which posits people who experience autonomy, competence, and relatedness have lower burnout (49). Alternatively, HCWs may have simply been primed by the first-person focus of SCORE’s individual items (e.g., “I feel burned out from my job”). Moreover, the comment prompt (“Do you have any other comments, questions, or concerns?”) may have elicited a first-person framework unlike natural language or conversation, as prior studies have shown the focus of writing can influence linguistic choices (31, 50).

Words referencing power (e.g., own, order, and allow) predicted higher EE. Increased references to power may highlight how excess job demands and workload without compensating supporting resources may lead to EE (51–53). For example, “Under staffing is an extremely large issue and could help with the majority of the problems working at this facility.” Moreover, since attention has been shown to follow power, the references may highlight subordinates paying attention to the way their leaders (negatively) influence their day to day experience (33). For example, “Don’t feel the same amount of respect/support/transparency from executive leadership as in years past.”

Four hypothesized linguistic categories (Present Focus, Past Focus, First Person Plural, and Social) did not associate significantly with EE. We expected Present Focus to reflect the positive influence of mindfulness and being present; we expected Past Focus to reflect brooding on the past, which has been shown to associate with a greater likelihood for depression (46–48).

We expected First Person Plural and Social words to capture the protective effects of a team-mindset and supportive relationships on EE. However, these effects may have been obscured by the inability of the linguistic software to distinguish between the positive presence of relationships (e.g., “we are a great team”) or the opposite (e.g., “we are constantly understaffed”). A thematic analysis that evaluates the positivity/negativity of comments using First Person Plural and Social words might uncover a more nuanced relationship with EE.

A noteworthy element of these results was that linguistic categories predicted future EE, but EE did not predict subsequent linguistic categories. This unidirectional link whereby language predicts future exhaustion suggests that cognitions (conscious and/or unconscious) influence the use of language and precede the development of EE. If true, this link indicates that people at risk of developing EE could be identified early based on their linguistic patterns. This early warning system could potentially prevent further suffering through early detection and treatment. To identify vulnerable HCWs and work settings, and to act more prophylactically with respect to well-being resources would be a remarkable advance in current efforts to support the workforce. A lofty aspiration would be to use a language of EE to identify individuals and work settings at risk for increasing EE, spurring a host of targeted individual, work-setting, and organizational resources and interventions (23, 54–63).

To date, only two studies have investigated associations between linguistic categories and HCW EE (23, 24). This study adds a third piece of preliminary evidence, using a 3–5 times larger dataset that features a greater diversity of HCW roles. Individual HCW responses were linked across time, enabling the first investigation of how linguistic categories of HCW comments associate with prior and future EE. The study’s large sample size, longitudinal nature, conservative statistical analysis, and consistency of associations between linguistic categories and current, prior, and future EE lend confidence to the findings.


4.1 Limitations

This study provides preliminary evidence for linguistic markers of EE, using a unique multi-year sample. Despite this ability in this dataset to assess HCW language and EE over time, this study has limitations including selection bias, restrictions in range, limits to generalizability, and reductions in statistical power.

Due to survey management choices in this particular health system, physicians did not participate. As a voluntary self-report survey, these data are subject to potential selection and desirability response biases. Prior research has found linguistic categories are relatively stable, but can vary across the context of language use (31, 40). Thus, the comment prompt at the end of a safety culture and well-being survey may have influenced the HCWs use of language. This health system was in the most emotionally exhausted quartile relative to other US healthcare facilities in Safe and Reliable Healthcare’s benchmarking database, restricting our data analysis to a higher EE subset. Though necessary to establish adequate reliability for the linguistic analyses, excluding comments with a WC < 20 yielded smaller samples with even higher EE. Although breaking EE into quartiles is a methodologically acceptable approach, it further reduced the power of the study. Overall, the reductions in power and restricted EE range likely reduced our ability to find associations between linguistic categories and EE.

Future studies should include physicians, use larger samples of HCW comments, and target institutions and work settings with more typical EE levels to avoid restriction of range issues. However, even with a restricted range and reduced power, we were able to identify clear associations between language categories and EE. Additional investigations across different prompts, demographics, and settings could clarify the reliability of linguistic categories associating with EE. Combining quantitative and qualitative text analyses might yield further insight into the psychological processes and environmental influences contributing to EE. Given further research on this topic, linguistic categories could 1 day serve as markers for identifying current and future EE. Analyzing linguistic categories from consensually collected writing samples (e.g., charts, emails) to signal EE risk could help mitigate survey fatigue from repeatedly assessing burnout via scales (35).




5 Conclusion

This study investigated associations between linguistic categories in HCW writing samples and their EE within and across 2 years. Comments using more words, Negative Emotion, and references to Power, and less Positive Emotion and First Person Singular predicted higher current and future EE. Unidirectionally, language predicted current EE, but EE did not predict subsequent language. These results help to establish a line of research into the language of HCW EE, with the potential to offer new insights into causes, consequences, interventions, and metrics of HCW well-being.
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Demographics

Age (; 95% CI)
Gender

Female

Male

Race

Two or more

American Indian or Alaska
Native

Asian

Black

Hispanic/Latino

Pacific Islander or Native
Hawaiian

White

Other

Is a registered nurse? (Yes)
Is a supervisor? (No)

Job classification

Administrative support
workers

Craft workers
Executive/Sr level officials
First/mid-level officials
Professionals

Service workers
Technicians

2019 emotional exhaustion
(3 95% CI)
2020 emotional exhaustion
(3 95% CI)

2019 comments
(WC = 20)

N =929

46.7 (45.9, 47.4)

800 (86.1%)
129 (13.9%)

11 (1.2%)
7 (0.8%)

12 (1.3%)
46 (5.0%)
26 (2.8%)
1(0.1%)

826 (88.9%)
0 (0%)
290 (31.2%)
857 (92.2%)

178 (19.2%)

3(0.3%)

6 (0.6%)

85 (9.1%)
454 (48.9%)
97 (10.4%)
106 (11.4%)

56.0 (53.9, 58.1);
N=928

57.0 (55.0, 59.0);
N=924

2020 comments
(WC = 20)

N =1,423

46.0 (45.4, 46.6)

1,238 (87.0%)
185 (13.0%)

13 (0.9%)
7 (0.5%)

24 (1.7%)
46 (3.2%)
25 (1.8%)
1(0.1%)

1,305 (91.7%)
1(0.1%)
402 (28.3%)
1,342 (94.3%)

247 (17.4%)

2(0.1%)

2(0.1%)

87 (6.1%)
639 (44.9%)
153 (10.8%)
189 (13.3%)

52.0 (49.7, 54.2);
N=770

60.2 (58.5, 61.9);
N=1418

In total, 2019 (N = 2,109) and 2020 (N = 1,606) respondents had comments with a word
count (WC) of 20 or more. Demographic data, as reported above, was available for some
of these respondents in 2019 (n = 929) and 2020 (n = 1,423). The continuous variables age
and emotional exhaustion (EE) are reported as the mean (with 95% confidence intervals).
2019 and 2020 EE is reported for both 2019 and 2020 comments, as it reflects the EE data
available for that year’s set of comments (e.g., 924 EE responses from 2020 for comments

with responses >20 words in 2019). The categorical variables are reported as the number

of respondents (with percent makeup of the demographic category). For EE scores, there

are 8 (0.3%) missing responses for 2019 and 5 (0.3%) missing responses for 2020. In 2020,

183 respondents commented without filling out the remaining survey items.
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Frequent use of positive emotion

I'love my job. I find satisfaction in my work and assisting patient’s in getting better.
My colleagues/co-workers work well together.

I love my job. No work environment is perfect, because people aren’t perfect, but

I have a pretty great setting that I am grateful for.
Infrequent use of positive emotion

The "Felt frustrated by technology" is interpreted in this case in the context of
frustration with old, damaged, or bad software/hardware technology.

Main concern is that management allows particular favorites to abuse everyday
work policies without consequences. Especially while they are some of the high
paid employees of the office.

Frequent use of negative emotion

Inadequate staffing, equipment, and wait times between report and delivery of

new Pts all contribute to the stress level, Pt complaints, and overall unsafe

feelings and practices in this facility.

I wish we could have employee coverage when a co-worker calls in sick instead of
having to work short staffed. Employee’s and Patient’s are the one’s suffering and
frustrated and We are NOT doing What's Best, it makes — Corporation look
BAD!

Infrequent use of negative emotion

As a team our office works very well together. we compliment each others work
style and are always looking for ways to improve ourselves and the patient
experience.

It would be much better if we could communicate better with our manager. Our
manager is off site and our only means of communication are mainly by emails

or phone and responses are slow.
Frequent use of power

I feel my direct managers are trying to help turn our culture in our department,
but are unable to d/t upper management constraints.

Staffing issues are a constant problem. WE consider this a huge safety issue.
Management does not. What employees consider important for patients and
themselves is not a high priority with management.

Infrequent use of power

We come to this building in the dark and leave in the dark, there isn’t any
security at this building. There are —% women in this building and we are in an
open space where people walk through our parking lot all the time.

I feel very lucky to be working here doing the job that I am doing. I love my job.
What could be better is if people were held accountable for the quality of their
work.

Frequent use of first person singular

I changed positions and it is a perfect fit for me. I love what I do and have a
fantastic leader and coworkers.

Ilove my job. I find satisfaction in my work and assisting patient’s in getting

better. My colleagues/co-workers work well together.
Infrequent use of first person singular

The senior management of the hospital has been trying to cut budgets and save
money for such a period of time, it has hurt patient safety and safe staffing
practices.

Poor or inadequate staff is a major safety concern. Not only for our patients but
also for the nurses mental health. Nurses are getting burnt out with how poorly
staffed and busy we are becoming.
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Linguistic category Quartile Same-year comparisons Across-year comparisons
(example words)

1: min EE 2019 commentsand 2020 comments and 2019 comments 2019 emotional
2019 emotional 2020 emotional predicting 2020 exhaustion predicting
exhaustion exhaustion emotional exhaustion 2020 comments
4:maxEE  Percent P Percent P Percent P Percent P
(95% CI) (95% CI) (95% CI) (95% CI)

Word count (log)* 1 4.0% (4.0,4.1)  <0.0001  3.8%(3.7,3.8)  <0.0001  4.0% (3.9,4.1)  <0.0001  3.9% (3.8,3.9) 0.10
le.g. In(52) = 3.95] 4 4.4% (4.4,45) 4.0% (3.9,4.1) 4.5% (4.4, 4.6) 4.0% (3.9, 4.1)

First person singular 1 4.3% (4.0,4.6)  <0.0001  3.8%(3.4,43)  0.0003  4.2%(3.7,47)  <0.0001  3.6% (3.0,4.2) 0.12
(e.g., 1, me, mine) 4 2.4% (2.0,2.7) 2.7% (2.3,3.2) 2.6% (2.1,3.1) 2.9% (2.3,3.5)

First person plural 1 2.5% (2.2,2.7) 0.42 2.3% (1.9, 2.6) 0.04 2.3% (2.0,2.7) 0.12 2.3% (1.9, 2.8) 0.64
(e.g., we, us, our) 4 2.6% (2.3,2.9) 2.8% (2.4,3.1) 2.8% (2.4,3.2) 2.5% (2.0,2.9)

Present focus (log) 1 2.6% (2.6, 2.6) 0.02 2.5% (2.5,2.6) 0.004 2.6% (2.5, 2.6) 0.72 2.6% (2.5, 2.6) 0.20
(e.g.. today, is, now) 4 2.6% (2.6,2.7) 2.6% (2.6,2.7) 2.6% (2.5,2.7) 2.6% (2.6,2.7)

Past focus 1 2.2% (2.0,2.4) 0.63 2.8% (2.5,3.1) 0.03 2.3% (2.0, 2.6) 0.11 2.8% (2.4,3.2) 0.40
(e.g.. ago, did, talked) 4 2.1% (1.9, 2.3) 2.3% (2.0,2.7) 1.9% (1.6,2.2) 2.5% (2.1,3.0)

Positive emotion 1 4.3% (4.0,4.6)  <0.0001  3.4% (3.0,3.7) 0.46 4.2% (3.8, 4.6) 0.07 3.2% (2.7, 3.6) 0.27
(e.g., love, nice, sweet) 4 3.3% (3.0,3.6) 3.2% (2.8, 3.5) 3.6% (3.2,4.1) 2.8% (2.3,3.3)

Negative Emotion 1 1.7% (1.5,1.8)  <0.0001  1.7%(1.4,19)  <0.0001  1.4%(1.2,17)  <0.0001  2.0% (1.6,2.3) 0.09
(e.g., hurt, ugly, nasty) 4 2.4% (2.2,2.6) 2.6% (2.3,2.8) 2.4% (2.1,2.7) 2.4% (2.1,2.8)

Social 1 8.8% (8.4,9.2) 0.69 7.4% (6.8,7.9) 0.03 8.6% (8.0,9.2) 0.91 7.4% (6.6, 8.1) 0.32
(e.g., mate, talk, they) 4 8.6% (8.2,9.1) 8.3% (7.7, 8.8) 8.7% (8.0, 9.3) 7.9% (7.1,8.7)

Power 1 4.3%(4.0,4.6)  <0.0001  3.9%(3.4,43)  <0.0001  4.3%(3.9,4.8)  0.0002  4.4% (3.8,5.0) 0.05
(e.g., own, order, allow) 4 5.7% (5.4, 6.0) 5.2% (4.7, 5.6) 5.6% (5.1, 6.1) 5.2% (4.6, 5.8)

*All categories, except Word count, controlled for Word count. Associations meeting the Bonferroni threshold for significance p < 0.0014 are bolded.
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