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Effect of the Lockdown on Diurnal Patterns of Emotion Expression in 

Twitter 

 

Abstract. Diurnal variation in psychometric indicators of emotion found in Twitter content has been known 

for many years. The degree to which this pattern depends upon different environmental zeitgebers has been 

difficult to determine. The nation-wide lockdown in the United Kingdom of spring 2020 provided a unique 

government-mandated experiment to observe the temporal variation of psychometric indicators in the 

absence of certain specific social rhythms related to commuting and workplace social activities as well as 

many normal home-based social activities. We therefore analyzed the aggregated Twitter content of 54 UK 

cities in the 9 weeks of complete lockdown, comparing them with the 10 weeks that preceded them (as well 

as with the corresponding weeks of 2019). We observed that the key indicators of emotion retained their 

diurnal behavior. This suggests that even during lockdown there are still sufficient zeitgebers to maintain 

this diurnal variation in indicators of emotion.   

 

Keywords: twitter, emotion, lockdown, circadian, liwc, psychometrics 

 

Introduction 

 

The presence of periodic temporal patterns in the textual time series of Twitter content has been 

well known for over a decade. This can be assessed by measurement of the relative frequency of 

specified words and how these change over time. Special word lists that are associated to 

psychometric quantities (e.g., LIWC, Linguistic Inquiry and Word Count, Pennebaker et al. 2015), 

allow the generation of fine-grained time-series of psychometric indicators, which indicate 

expressions of specific emotions including positive and negative emotions, anger, and anxiety. 

Importantly, these time series can be decomposed into a periodic component and a residual, which 

in some cases has been shown to respond to external events such as news content. For example, 

variations in psychometric indicators have been found to correspond to events, such as elections 

(Lansdall-Welfare et al. 2016), terrorism, or even weather. It is not clear if the periodic component 

of the signal is a response to periodic external events or is mediated by internal factors. 

 

The periodic part of the signal has been found to have both seasonal and diurnal cycles, (Dzogang 

et al. 2017a, 2017b; Golder and Macy 2011). Since these psychometric indicators are computed 

by combining the time series of multiple words, and these express the relative frequency in the use 

of words across multiple independent users in multiple locations at the same time, a 

synchronization mechanism(s) must exist to explain those coordinated changes. Indeed, similar 

synchronization effects can be seen in other domains, such as web searches or purchasing 

behaviour (Dzogang et al. 2017b, 2016). However, although the presence of those diurnal 

variations is a robust finding, their origin has been difficult to test due to the impossibility of 

socially engineering the environment of large normal populations. At a minimum one would need 

to design a controlled experiment with a group of social media users willing to abstain from their 
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usual activities for a long enough period, in a way to generate two comparable populations, where 

one acts as a control group for the other.  

 

In the absence of all zeitgebers humans would be left in a free-running condition with a periodicity 

of over 24 hours (Aschoff J 1965). This of course does not occur due to the multiple zeitgebers 

that ensure our physiology and psychology are closely adapted to our 24-hour environment. We 

therefore took the opportunity to test what happens to the diurnal psychological readouts of a large 

UK population during a period in which there was an unprecedented ‘social experiment’ in which 

lock-down conditions altered some of the major social zeitgebers associated both with normal 

workday routines outside the home environment and with normal ‘physically present’ social 

interactions with friends and family. Many external stimuli were removed for this period of 10 

weeks including stimuli associated with school, university, work, commute, afterwork 

entertainment, as well as the routines of social interactions for people providing childcare and other 

home-based activities. 

 

 

Materials and Methods 

 

Ethics Approval 

 

Ethical approval for our Twitter research studies was provided by the Ethical Officer of the Faculty 

of Engineering of the University of Bristol. We use no personal data, as we periodically sample 

anonymous tweets from a fixed set of broad locations, then analyze their word frequencies in 

aggregate. Individuals will be expected to vary at each sample, no individual ID is kept, no 

inference is (or could be) made about individuals. We only release aggregated time series of word 

frequencies. This complies with the recommendations of (Portaluppi et al. 2010).  

 

Data  

 

We do not follow individuals but locations, by sampling every 15 minutes the 100 most recent 

tweets sent from each of the 54 largest cities in the UK, without specifying any hashtags or 

keywords (we eliminate duplicates). The data are aggregated to form time intervals of 1 hour. The 

users are different at each collection and anonymized from the start. We comply with Twitter’s 

Terms of Service (https://Twitter.com/en/tos). For each tweet, we collected the anonymized textual 

content, a collection date and time, and information about the location of the tweet (within 10km 

of one of the 54 urban centers). This pipeline samples words by collecting the first 140 characters 

of each message, even though from the end of November 2017 users are free to use up to 280 

characters, this was done for compatibility with earlier data, however previous studies estimate the 

number of tweets that exceed the old limit of 140 characters at about 12% (Techcrunch 2018) and 

our own data only has 31.6% of messages hitting the limit of 140 characters (they might have been 
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truncated, although we do not know how many more words they would have had. The study 

(Techcrunch 2018) puts at 5% the number of tweets that exceed 190 characters). For this reason, 

in the Appendix we also present the same results for 280-character tweets, which show no 

difference with the 140-character version, which is used for comparability with earlier results (see 

Figures and Table in the Appendix). 

 

We use the content of retweets, but we remove the token RT from our processing. We do not 

remove holiday greetings (something that was done in some of our previous studies, where 

seasonal patterns are studied instead, see (Dzogang et al, 2017b)). We sampled the content of 

anonymized messages every hour for a 11-week period leading up to the day of full lockdown 

(March 22rd, 2020), and a 10-week period following it.   

 

This type of sampling is “cross-sectional” in that at any given hour we analyze a “slice” of the 

population of active twitter users, rather than following individuals. The set of users is therefore 

different at each collection. This design has been used in several previous studies (eg, Dzogang et 

al. 2017a) and allows us to access average patterns that appear across many individuals at the same 

time, while maintaining the data anonymous. Words are only linked to locations and time intervals. 

 

Data was aggregated into intervals of 1 hour, without distinguishing between the 54 cities of origin. 

In this way we have 3528 time points for each of the quantities we investigate.  

 

sampling interval 147 days 

sampling frequency hourly 

sampling locations 54 largest urban centers in the UK 

Sample 1 - time interval January 5th, 2020 - March 21st, 2020  

Sample 2 - time interval March 22nd, 2020 -May 30th, 2020 

Sample 1 - size 34,754,252 

Sample 2 - size 33,954,858 

 

Table 1 --- Summary of data and sampling based on 140 Chars database, for period 1 (January 5, 

2020- March 21, 2020) and period 2 (March 22, 2020- May 30th, 2020)  

 

Time Periods. Following the above procedure, we assembled data relative to two periods of time 

in 2020 (and also two corresponding periods in 2019 for reference). For the purpose of this study, 

we consider the UK lockdown to have started on March 22nd and terminated on May 30th, which 

is the period in which all schools were closed (before and after that, certain schools were open). 

The control period is taken to start on January 5th, so to exclude Christmas vacations. (Notice that 

during the lockdown period all bars, restaurants, pubs were also closed, as well as most places of 

work, and public transport was either interrupted or reduced and discouraged, as was the crossing 

of borders, etc. (Brown 2020)). 
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Period 1 is 11 weeks long (including week 2 to week 12 of 2020), Period 2 is 10 weeks long (week 

13 to week 22). The equivalent weeks of 2019 are studied for comparison. Our textual time series 

for 2020 is therefore formed by a total of 68M tweets and 147 days (see Table 1).  In our plots we 

call March 22nd , 2020 the cutoff date for consistency with the 2019 plots, when no lockdown was 

applied, and where we used the same day.  

 

From each word time series, we computed the hourly time series of some LIWC2015 indicators 

from those two sets of tweets: affect, posemo, negemo, anger, anxiety, sadness. The finer details 

of collection and computation of LIWC indicators are described below. While in the main body of 

the article we report the time series of the 6 indicators based on the 140chars dataset (for 

comparability), we also report in Appendix the equivalent results for 280chars dataset, which show 

no major difference.  

 

 DATA 

OVERVIEW 

(2020, 140 char) 

Before (5/1/2020-

21/3/2020) 

During  

(22/3/2020-

30/5/2020) 

Total 

Days 77 70 147 

Weeks 11 10 21 

Tweets 34,754,252 33,954,858 68,709,110 

Words 535,345,387 510,640,042 1,045,985,429 

 

Table 2 - The datasets “before” and “during” lockdown, based on 140-character tweets. (Before 

= January 5, 2020- March 21, 2020) and (During = March 22, 2020- May 30th, 2020). 

 

LIWC Scores Extraction. 

We processed the text of these tweets to extract six psychometric indicators (positive emotion or 

posemo, negative emotion or negemo, anxiety, anger, sadness, affect) using the word lists and 

rules from LIWC2015 (Pennebaker et al. 2015). This produced a numerical score for each emotion 

at each hour of the Periods under investigation. 

 

For each tweet we 1) lowered uppercase characters; 2) tokenized text into words (alphanumeric 

strings, referred to as ‘tokens’) removing all punctuation, emojis, etc; 3) for each word we 

compared with the word lists and with the rules lists of LIWC2015, incrementing the counter of 

each indicator when a match occurred; 4) normalised all counts by the total number of tokens 

found via tokenization.   

 

We introduced a small approximation in our computation of LIWC indicators: some of the original 

LIWC rules-words make use of 2-grams (eg forms such as “kind of”) but we do not use them. We 

compared our approximation with the original LIWC2015 software on a sample of 10,000 
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documents, this yielded an average correlation between our scores of 0.98 for posemo and affect, 

and over 0.99 for all other categories we used.  

 

Example. The hypothetical expression #happy_thoughts would be tokenized into {happy, 

thoughts}. Emojis would be removed. The hypothetical URL http://www.happy-thoughts.com 

would be tokenized as follows: {"http", "//www", "happy", "thoughts", "com"}.  

 

In this way we obtained six LIWC scores for each hour of the 147 days interval, in other words a 

time series of length 3528. These time series, sufficient to reproduce the study, will be publicly 

available from the time of publication, as indicated in the Data Availability statement below. 

 

 

Time Series Analysis   

For each of the LIWC2015 indicators we had an hourly time series. We have analyzed each of the 

hourly time series by computing its Fourier Spectrum and by creating an average 24h (resp. 168h) 

profile. First, we performed a Fast Fourier Transform (FFT) of the time series and compared the 

resulting spectrum with that resulting from the FFT of its random permutation (i.e., with the null 

model of white noise). For those peaks that are significant (have energy higher than the maximum 

observed in randomized data) we report the location and fraction of variance explained.  Then we 

modeled our time series as a repetition of a 24h (resp. 168h) waveform. To this end, we compute 

an average 24h (resp. 168h) profile, which we call Average Daily Profile (resp. Average Weekly 

Profile) and indicate with ADP (resp AWP). The addition of a Weekly Profile is to visualize 

possible periodic effects in the weekends. For each time series we measure how much of the overall 

variance is explained by a periodic repetition of the ADP (resp. AWP). When computing the 

average profiles, we used the standard error of the mean (SEM) to estimate the confidence in our 

estimation of the mean: confidence intervals represent two standard errors of the mean (SEM).  

In order to quantify the extent to which a time series can be modeled as a repetition of identical 24 

hours cycles we have measured the correlation between the original series and one generated by 

such model (note: the square of this quantity also relates to the fraction of variance explained by 

our model). P-values for Pearson correlation coefficient are calculated automatically with Matlab, 

using standard t-test. 

 

 

Spectral Analysis. In accordance with the recommendations of (Portaluppi et al. 2010) we 

performed a Spectral Analysis of the Time Series by computing the FFT. This allowed us to 

estimate the variance explained by each Fourier component. Peaks are found using the peak-finder 

algorithm in the scipy library of Python. 

 

Average Profiles 

As the Fourier Spectrum of several indicators has a strong 24h component, but is not 

monochromatic, in order to visualise any diurnal pattern in our time series, we compare it with a 
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simple model obtained by repeating the same 24h pattern (which is the average value for each hour 

along the entire time series, and which we call the average daily profile, or ADP). We also do the 

same with a 7 days (168h) model, in which we compare average weekly profiles (AWP), to account 

for the possibility that different weekdays might have different behaviour. Profiles are defined by 

averaging respectively every day (from midnight to 11pm) and every week (from Sunday midnight 

to Saturday 11pm). Note that the average weekly profile (AWP) is not just the concatenation of 7 

average daily profiles, due to the possible difference between days, particularly between workdays 

and weekends. 

 

The ADP and AWP allow us to compare – for example- the 24h average profile for “anger” before 

and after lockdown, with their confidence bars; and also, to quantify the extent to which the time 

series correlate with (are explained by) a periodic model. This is done by comparing each original 

sequence with the sequence that would be obtained by simply repeating the 24h (resp.168h) 

profile. 

 

The ADP and AWP (along with confidence bars) are used to compare the baseline temporal 

variations of LIWC indicators before and after the lockdown date (as shown in Figure 2 and Figure 

3, as well as corresponding figures in the Appendix; Figure 4 demonstrates the same method for 

the control word “bus”). The word “bus” was chosen as an example of a word whose 24h profile 

changed, it was selected as a demonstration and not randomly sampled.  

 

Results 

 

Fourier Analysis 

The FFT Spectra in Figure 1 show that for all indicators there is a 24h component, but with very 

different energy. For comparability it also reports these values for Counts (number of tweets 

collected per time interval).  

 

The diurnal (24h) component is the largest component for Count (71% of variance explained, 

before lockdown), Negemo (35%), Anger (25%), Sadness (13%), Affect (18%); it is the second 

largest component for Posemo (25%) but is very weak for Anxiety (explaining only 2% of its 

variation).  

 

Both ultradian (12h) and infradian (7d) components are sometimes visible. As the wave form is 

not monochromatic, ultradian effects could be reflecting just the shape of the waveform, rather 

than actual biological events. Infradian effects over the length of a week or two are difficult to 

estimate with confidence and may reflect overall trends in the time series.  

 

Most indicators also have a significant 12h component, which explains 20% of variation for Count, 

4% for Negemo, 30% for Posemo, 4% for Anger and 11% for Affect. It is not above the threshold 
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for Anxiety and Sadness. We see also a 7 days component in Negemo (5% variance explained), 

Posemo (3%), Anger (3%), Anxiety (4%), Affect (4%). No 7 days component is seen in Sadness. 

During lockdown, the amount of variance explained by 24h components tends to increase for all 

indicators except for Anxiety and Sadness.  

 

For ease of readability, Table 3 reports the fraction of variance explained by the three main 

components of the Fourier Spectrum of each time series (that are above the significance threshold 

and have a period lower than 2 weeks). The FFT spectra in Figure 1 show frequencies in Hz on 

the x axis, and their amplitudes on the y axis. Frequencies below 1 Hz represent periods over 24h 

(infradian). Frequencies above 1 Hz represent periods below 24h (ultradian). The table reports 

these components as the Period of the oscillation (1 corresponding to 24h, 0.5 corresponding to 12 

hours, etc.  

 

 

Table 3 – Period and variance explained for the main peaks in FFT of each time series (shown 

are only the three main peaks that are larger than random baseline and have period lower than 14 

days). Figure 1 shows the complete spectrum of each time series. We define as “cutoff date” the 

start of 2020 Lockdown, March 22nd , we use this expression for consistency with our analysis of 

2019 when there was no lockdown. 

  

 

LIWC 

Indicator 

2020 – 140 char 

Before Cutoff 

2020 – 140 char 

After Cutoff 

 Component 

(TOP3) 

Variance 

Explained 

Component 

(TOP3) 

Variance 

Explained 

Count 

1.0000 0.7105 1.0000 0.7363 

0.5000 0.2081 0.5000 0.2036 

  0.3333 0.0083 

Negemo 

7.0000 0.0532 7.0000 0.0523 

1.0000 0.3585 1.0000 0.4604 

0.5000 0.0427 0.5000 0.1056 

Posemo 

7.0000 0.0393 7.0000 0.0185 

1.0000 0.2591 1.0000 0.3022 

0.5000 0.3031 0.5000 0.2761 

Anger 

7.0000 0.0398 7.0000 0.0319 

1.0000 0.2513 1.0000 0.4223 

0.5000 0.0427 0.5000 0.1287 

Sadness 

5.9231 0.0566 7.0000 0.0766 

4.8125 0.0293 1.0000 0.1866 

1.0000 0.1310 0.5000 0.0270 

Anxiety 

7.0000 0.0411 6.3636 0.0234 

5.5000 0.0472 4.3750 0.0263 

1.0000 0.0254 1.0000 0.0224 
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Affect 

7.0000 0.0433 7.0000 0.0357 

1.0000 0.1801 1.0000 0.1761 

0.5000 0.1143 0.5000 0.1723 

 

Table 3 – The Period of the three largest Fourier components and the variance explained by them 

(omitting components below the threshold and periods over 2 weeks) – For dataset of 140 char 

Tweets collected in 2020. 
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Figure 1: FFT spectra for all indicators and both periods of investigation (before and after 

lockdown), in 2020 with 140 char Tweets. The red line indicates the largest value obtained by 

randomizing that time series (white noise model). The FFT spectra show frequencies in Hz on the 

x axis, and their amplitudes on the y axis. Frequencies below 1 Hz represent periods over 24h 

(infradian). Frequencies above 1 Hz represent periods below 24h (ultradian). 
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AWP-ADP Analysis 

Figure 2 shows the ADP (and its confidence bars) for each of the indicators, for each of the two 

time periods. Figure 3 shows the same for AWP. Table 4 shows the correlation between the original 

data and the periodic model sequence generated by repeating the 24h profile. 

 

Daily Models 

 
Figure 2 - The Average Daily Profiles (ADP) of LIWC2015 indicators for 2020, based on 140 

Chars database, for period 1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 22, 

2020- May 30, 2020) (red). Confidence intervals represent two standard errors of the mean (SEM). 

 

In order to quantify the extent to which a time series can be modeled as a repetition of identical 24 

hours cycles we have measured the correlation between the original series and one generated by 

such model (note: the square of this quantity also relates to the fraction of variance explained by 

our model). We performed this test for: ADP 2020, before and after (Table 4); AWP 2020 before 
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and after (Table 5); ADP 2019 before and after (Table 6) and AWP 2019 before and after (Table 

7).  We also measured how well a model based on ADP computed before lockdown can model 

data collected after lockdown (column labeled “Across” in each of the Tables). P-values for 

Pearson correlation coefficient are calculated automatically with Matlab, using standard t-test. 

 

We observe that the time series remains periodic after imposing lockdown. With the exception of 

Anxiety, all other LIWC indicators have a strong and significant correlation with their periodic 

24h model (Anxiety show significant correlation with a small effect size).  

 

 

24h 

periodicity 

2020 

Before Cutoff After Cutoff Across 

Correlation P-Value Correlation P-Value Correlation P-Value 

Count 0.9640 <0.001 0.9767 <0.001 0.9690 <0.001 

Affect 0.5596 <0.001 0.6021 <0.001 0.5399 <0.001 

Posemo 0.7729 <0.001 0.7742 <0.001 0.7592 <0.001 

Negemo 0.6438 <0.001 0.7596 <0.001 0.7433 <0.001 

Anger 0.5518 <0.001 0.7450 <0.001 0.7243 <0.001 

Anxiety 0.1543 <0.001 0.1750 <0.001 0.1070 <0.001 

Sadness 0.3744 <0.001 0.4549 <0.001 0.4462 <0.001 

 

Table 4 - The first four columns report the Pearson Correlation Coefficient (and p-value) between 

original data and model periodic data, based on 140 Chars Database, for period 1(January 5, 

2020- March 21, 2020) and period 2 (March 22, 2020- May 30, 2020). The last two columns report 

the correlation coefficient between original data (before lockdown) and modeled data (after 

lockdown), based on 140 Chars Database, for period 1(January 5, 2020- March 21, 2020) and 

period 2 (March 22, 2020- May 30, 2020). P-values for Pearson correlation coefficient are 

calculated automatically with Matlab, using standard t-test.  

 

 

Weekly Models 

In order to quantify the extent to which a time series can be modeled as a repetition of identical 

168 hours cycles, we have measured the correlation between the original series and one generated 

by such model. We performed this test for: AWP 2020, before and after cutoff date. We also 

measure how well a model based on AWP computed before lockdown can model data collected 

after lockdown (Table 5). 

 

We observe that the time series remains periodic after imposing lockdown (suggesting that 

whichever factor is behind the synchronised behaviour has not been disrupted by the interruption 

of daily routines.  
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Figure 3 - The Average Weekly Profiles (AWP) of LIWC2015 indicators, based on 140 Chars 

database, for period 1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- 

May 30, 2020) (red). Confidence intervals represent two standard errors of the mean (SEM). 

 

Most indicators have remained periodic also during the lockdown period, to different extents. As 

for ADP models, also for AWP models anxiety has the lowest level of correlation with a weekly 

model. The other LIWC indicators show a large effect size and strong statistical significance. 

 

168h  

periodicity 

2020 

Before Cutoff After Cutoff Across 

Correlation P-Value correlation P-Value Correlation P-Value 

Count 0.9735 <0.001 0.9811 <0.001 0.9673 <0.001 

Affect 0.6625 <0.001 0.6498 <0.001 0.5347 <0.001 

Posemo 0.8198 <0.001 0.7955 <0.001 0.7545 <0.001 

Negemo 0.7467 <0.001 0.8049 <0.001 0.7301 <0.001 

Anger 0.6688 <0.001 0.7746 <0.001 0.6509 <0.001 
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Anxiety 0.3587 <0.001 0.2898 <0.001 0.0720 <0.001 

Sadness 0.4466 <0.001 0.5979 <0.001 0.4341 <0.001 

 

 

Table 5 - The first four columns report the Pearson Correlation Coefficient (and p-value) between 

original data and model periodic data, based on 140 Chars Database, for period 1 (January 5, 

2020- March 21, 2020) and period 2 (March 22, 2020- May 30, 2020). The last two columns report 

the correlation coefficient between original data (before lockdown) and modeled data (after 

lockdown), based on 140 Chars Database, for period 1(January 5, 2020- March 21, 2020) and 

period 2 (March 22, 2020- May 30, 2020). P-values for Pearson correlation coefficient are 

calculated automatically with Matlab, using standard t-test.   

 

 

Comparisons with Corresponding Periods of 2019 

We compare our results with the equivalent time periods in 2019, reporting the correlations in 

Table 6 and Table 7, while the corresponding Figures are found in the Appendix A (Figure 5 shows 

the comparison between 2019 and 2020 ADPs; Figure 6 shows the same for AWPs). The Appendix 

also reports the equivalent results for 2020 on 280-character long Tweets. We observe the same 

general behaviour in all those settings.  

 

24h 

periodicity 

2019 

Before cutoff After cutoff Across 

Correlation P-

Value 

correlation P-

Value 

Correlation P-

Value 

Count 0.9696 <0.001 0.9587 <0.001 0.9564 <0.001 

Affect 0.6452 <0.001 0.6457 <0.001 0.6418 <0.001 

Posemo 0.8063 <0.001 0.8339 <0.001 0.8315 <0.001 

Negemo 0.6996 <0.001 0.6557 <0.001 0.6463 <0.001 

Anger 0.6895 <0.001 0.6520 <0.001 0.6456 <0.001 

Anxiety 0.1466 <0.001 0.2058 <0.001 0.1750 <0.001 

Sadness 0.4291 <0.001 0.4006 <0.001 0.3561 <0.001 

 

Table 6 - The first four columns report the Pearson Correlation Coefficient (and p-value) between 

original data and model periodic data, based on 140 Chars Database, for period 1(January 5, 

2019- March 21, 2019) and period 2 (March 22, 2019- May 30, 2019). The last two columns report 

the correlation coefficient between original data (before cutoff date) and modeled data (after 

cutoff), based on 140 Chars Database, for period 1(January 5, 2019- March 21, 2019) and period 

2 (March 22, 2019- May 30, 2019). P-values for Pearson correlation coefficient are calculated 

automatically with Matlab, using standard t-test. 

 

 

Before cutoff After cutoff Across 
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168h 

periodicity 

2019 

Correlation P-

Value 

correlation P-

Value 

Correlation P-

Value 

Count 0.9788 <0.001 0.9679 <0.001 0.9627 <0.001 

Affect 0.7593 <0.001 0.7687 <0.001 0.7091 <0.001 

Posemo 0.8616 <0.001 0.8714 <0.001 0.8216 <0.001 

Negemo 0.7734 <0.001 0.7559 <0.001 0.6959 <0.001 

Anger 0.7605 <0.001 0.7752 <0.001 0.7178 <0.001 

Anxiety 0.2617 <0.001 0.3577 <0.001 0.1411 <0.001 

Sadness 0.5164 <0.001 0.5129 <0.001 0.2491 <0.001 

 

Table 7 - The first four columns report the Pearson Correlation Coefficient (and p-value) between 

original data and model periodic data, based on 140 Chars Database, for period 1(January 5, 

2019- March 21, 2019) and period 2 (March 22, 2019- May 30, 2019). The last two columns report 

the correlation coefficient between original data (before cutoff) and modeled data (after cutoff), 

based on 140 Chars Database, for period 1(January 5, 2019- March 21, 2019) and period 2 

(March 22, 2019- May 30, 2019). P-values for Pearson correlation coefficient are calculated 

automatically with Matlab, using standard t-test.  

 

 

Sanity Checks  

In order to perform an overall sanity check of our software pipeline, we compared the 24h profile 

of select words that we expected to change during lockdown, in order to provide context to the 

highly stable profiles for the emotion indicators. A good example is the word bus which we 

expected to change due to altered commuting practices during lockdown. Figure 4 shows that the 

word bus undergoes a visible change in its usage, both in AWP and ADP, between pre-lockdown 

and lockdown collection periods. This word was not randomly sampled and therefore is not 

intended to be representative of a population.  
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Figure 4 - Top - The Average Daily Profiles (ADP) for the word BUS, based on 140 Chars 

database, for period 1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- 

May 30, 2020) (red). Bottom - The Average Weekly Profiles (AWP) for the word BUS, based on 

140 Chars database, for period 1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 

22, 2020- May 30, 2020) (red). The word was selected as a demonstration, and not sampled. 

Confidence intervals represent two standard errors of the mean (SEM). 

 

The most important observation that results from these comparisons is that similar 24h average 

profiles (ADPs) are found before and after lockdown, for four of the six emotion indicators 

(anxiety being only weakly periodic in both time intervals). This can be seen by comparing the 

time series of N days with a model series obtained by repeating N times the average 24-hours 

profile and measuring the correlation coefficient between them. Both before and after lockdown 

the time series has significant correlation with the model series, showing that they are both 

periodic. Furthermore, one can also model the data collected after lockdown by using the 24h 

profiles computed before lockdown (see Table 4 for both findings). These results could also be re-

phrased in terms of variance explained by the model, given the simple relation existing between 

explained variance and (squared) correlation coefficient, to claim that a large fraction of the 

variation observed in these time series is accounted for by a 24h periodic model.  



 

17 

 

Using ADP and AWP models we see that both positive emotion and negative emotion have a 

significant correlation with a periodic 24h model, both before and after lockdown (well over 60% 

in both models and all datasets), even when the model is fitted on data gathered before lockdown 

and tested on data gathered after the lockdown. Also anger correlates strongly with a 24h periodic 

model. Anxiety has the weakest (though still significant) correlation, with most observed variation 

not explained by a periodic model (see Table 4).  These results are also generally similar to those 

of 2019, as shown in Table 6 and Table 7 (while there are differences, we have not tested their 

significance, as the point we are testing in this study is simply if the lockdown has removed the 

periodic patterns in Twitter emotion indicators).  

 

 

 

Discussion 

 

The imposition of lockdown on large populations during the 2020 Covid-19 pandemic forced a 

major change in social routines. For the population in general there has been increased prevalence 

of poor mental health, increased alcohol consumption, and changes in diet, sleep quality and 

physical activity (Maciejewski, G et al. 2020). There is evidence that during lock-down there has 

been a general delay in the timing of going to bed, although sleep-wake rhythmicity remains 

present (Roitblat, J. et al. 2020). Similarly, although we provide evidence for the change in the 

frequency of usage in select words denoting travel activities (such as bus) during the lockdown-

other zeitgebers such as light/dark cycles, meal patterns and non-contact activities such as web 

meetings or television viewing, remain.  

 

The question we are addressing in this paper is whether the very significant changes in the pattern 

of work of a large proportion of the population is sufficient to modify the diurnal expression of 

emotional state as measured by psychometric measures on Twitter. Notice that this question is 

related to that of reliability of this signal but is independent of the question of validity: even with 

different interpretations about the meaning of these indicators, we can still be interested in how 

they are affected by the lockdown. Indeed, this information might help to improve its 

interpretation. 

 

The presence of regular diurnal variations in Twitter was originally described 10 years ago by 

Golder and Macy (2011) and confirmed by our previous studies (Dzogang et al. 2017, Dzogang et 

al. 2018), which reported the patterns in the expression of emotion. It is known that Twitter signals 

respond to external stimuli (such as high-profile news events, see for example (Lansdall-Welfare et 

al. 2016.)), and early observations of a difference between workdays and weekends raised the 

possibility that lock-down mediated changes in social cues might be sufficient to affect the pattern 

of mood of the population. The UK lockdown of spring 2020 removed many possible “social” 
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sources of synchronization: schools, pubs, cinemas, sport events, many of which had shown a 

visible effect on social media mood, as well as reducing the effects of coordinated commute time, 

bedtimes, and mealtimes. Despite these changes in socially related synchronization there is clearly 

sufficient redundancy in the system to maintain the endogenous processes which are regulating the 

diurnal rhythm of emotional state. 

 

Although our experimental design has been used for many years, it does have some limitations to 

be considered. One is that we are limited to the observation of a specific set of psychometric 

indicators which have been validated in independent studies, namely those of the LIWC project 

(Pennebaker J W, et al. 2015). While these indicators access core affect, other dimensions of potential 

interest, such as various expressions of “arousal” or “hedonic tone”, (Remington et al 2000, Russell 

et al 2009) could not be evaluated. 

 

Although the issue of validity is not part of this study, which is focused on the possible effects of 

lockdown on a specific signal, we also mention one potential limitation of this design: its cross-

sectional nature, or the fact that it measures the aggregate emotions expressed on Twitter at any 

given time, without following specific individuals. This creates the possibility that different 

chronotypes may be differentially represented at different times of day, and that these individuals 

could express fundamentally different emotions. Thus, potentially this signal could be confounded 

by a changing population rather than simply represent the expression of the cycles of the average 

twitter user. Although diurnal changes in positive affect and energetic arousal have been shown to 

differ across chronotypes (Jankowski & Ciarkowska, 2008; Porto et al., 2006) it would not have 

been possible for us to address this issue in our large data series without identifying individual 

users which was not possible for ethical / privacy considerations. It is worth mentioning however 

that the study by [Golder and Macy, 2011] still find diurnal periodic patterns in Twitter even after 

separating different chronotypes. Since we are only interested in whether the diurnal cycle of 

LIWC indicators is altered or not by the lockdown, we do not follow this line of investigation 

which would require a different source of data. 

 

Our data clearly show that even when removing the external effect of synchronized mealtimes, 

school, work, and commute for a long period of time, the overall diurnal periodicity is retained, 

for the six basic indicators of emotion in LIWC2015.  This data provides evidence that despite the 

increase in mental health problems associated with the Covid pandemic and the influence of the 

powerful social and behavioral constraints necessitated by the UK lockdown, circadian and 

environmental cycles other than those affected by the lockdown maintain the diurnal pattern in 

psychometric indicators of emotion. 

 

NOTE. The time series of the six LIWC indicators used to generate the plots are available from 

the corresponding author on reasonable request. 
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Appendices 

There are four Appendices: Appendix FFT-140char 2019; Appendix FFT 280 char, 2020; Appendix 

ADP/AWP 2019 containing the ADP/AWP Figures relative to 2019 data; Appendix ADP/AWP  280 

containing the results, Figures and Tables, for the 280-characters dataset.  

 

Appendix FFT 140char 2019 and FFT 280char 2020 

 

Indicator Before Cutoff After Cutoff 

 Component 
(TOP3) 

Variance 
Explained 

Component 
(TOP3) 

Variance 
Explained 

Count 
1.0000 0.7254 1.0000 0.6830 

0.5000 0.2053 0.5000 0.2310 

Negemo 

6.9091 0.0521 7.0000 0.0529 

1.0000 0.4426 1.0000 0.3662 

0.5000 0.0406 0.5000 0.0575 

Posemo 

6.9091 0.0421 1.0000 0.3075 

1.0000 0.3075 0.5000 0.3480 

0.5000 0.3128 0.3333 0.0357 

Anger 

6.9091 0.0471 7.0000 0.0611 

1.0000 0.3922 1.0000 0.3320 

0.5000 0.0728 0.5000 0.0784 

Sadness 

9.5000 0.0271 10.0000 0.0877 

4.4706 0.0362 7.0000 0.0520 

1.0000 0.1718 1.0000 0.1477 

Anxiety 

9.5000 0.0387 11.6667 0.0522 

7.6000 0.0583 6.3637 0.0328 

6.3333 0.0368 1.0000 0.0361 

Affect 

6.9091 0.1138 7.0000 0.0676 

1.0000 0.2332 1.0000 0.2321 

0.5000 0.1622 0.5000 0.1592 

 

 

Table A1 - For indicator Sadness (before cutoff), Variance explained by 12h(0.5) cycle is below 

the threshold. For indicator Sadness (after cutoff), Variance explained by 12h(0.5) cycle is 

0.0098. For indicator Anxiety (before cutoff), Variance explained by 24h(1) cycle is 0.0156 For 

indicator Anxiety (before cutoff), Variance explained by 12h(0.5) cycle is below the threshold. 

For indicator Anxiety (after cutoff), Variance explained by 12h(0.5) cycle is below the threshold. 
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Figure A1 – FFT spectra of LIWC indicators for dataset of 140chars Tweets (2019). The FFT spectra show 

frequencies in Hz on the x axis, and their amplitudes on the y axis. Frequencies below 1 Hz represent 

periods over 24h (infradian). Frequencies above 1 Hz represent periods below 24h (ultradian). 

 

 

Appendix FFT 2020 280chars dataset 

 

Indicator Before Cutoff After Cutoff 

 Component 
(TOP3) 

Variance 
Explained 

Component 
(TOP3) 

Variance 
Explained 

Count 

1.0000 0.7230 1.0000 0.7480 

0.5000 0.2299 0.5000 0.2117 

  0.3333 0.0087 

Negemo 

7.0000 0.0633 7.0000 0.0608 

1.0000 0.0450 1.0000 0.4561 

0.5000 0.0958 0.5000 0.1074 

Posemo 

7.0000 0.0801 7.0000 0.0207 

1.0000 0.2562 1.0000 0.2808 

0.5000 0.3503 0.5000 0.2711 

Anger 

7.0000 0.0720 7.0000 0.0313 

1.0000 0.3975 1.0000 0.4286 

0.5000 0.1045 0.5000 0.1315 

Sadness 

5.2500 0.1081 7.0000 0.0721 

1.2353 0.0398 4.6667 0.0376 

1.0000 0.1478 1.0000 0.1656 

Anxiety 

10.5 0.0944 10.0000 0.0213 

3.0000 0.0845 2.5000 0.0223 

1.0500 0.0615 2.0000 0.0269 

Affect 

7.0000 0.1440 8.7500 0.0423 

3.0000 0.0632 1.0000 0.1340 

2.1000 0.0342 0.5000 0.1534 

 

 

 

Table A2 - 2020 280chars dataset - For indicator Sadness (before cutoff), Variance explained 

by 12h(0.5) cycle is below the threshold. For indicator Sadness (after cutoff), Variance explained 

by 12h(0.5) cycle is 0.0262. For indicator Anxiety (before cutoff), Variance explained by 24h(1) 

cycle is below the threshold. For indicator Anxiety (before cutoff), Variance explained by 12h(0.5) 

cycle is below the threshold. For indicator Anxiety (after cutoff), Variance explained by 24h(1) 

cycle is 0.0193. For indicator Anxiety (after cutoff), Variance explained by 12h(0.5) cycle is below 

the threshold. For indicator Affect (before cutoff), Variance explained by 24h(1) cycle is 0.1771. 

For indicator Affect (before cutoff), Variance explained by 12h(0.5) cycle is 0.1348. 
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Figure A2 – FFT spectra of LIWC indicators for dataset of 280chars Tweets (2020). The FFT 

spectra show frequencies in Hz on the x axis, and their amplitudes on the y axis. Frequencies below 

1 Hz represent periods over 24h (infradian). Frequencies above 1 Hz represent periods below 24h 

(ultradian). 

 

Appendix ADP/AWP  2019 

Figure 5 compares the ADPs in 2019 and 2020, for both and after the cutoff date. Figure 6 shows 

the same for AWPs. 

 
Figure 5- Comparison of the Average Daily profiles ADPs - The Average Daily Profiles (ADP) compare 

based on 140 Chars database between 2019 and 2020 for LIWC2015 indicators, for period 1 (January 5- 

March 21) (blue) and period 2(March 22- May30) (red). Confidence intervals represent two standard 

errors of the mean (SEM). 



 

26 

Plots of AWP for each LIWC indicator in 2019 compared with 2020.

 
Figure 6 - The Average Weekly Profiles (AWP) comparison 2019 and 2020 for LIWC2015 indicators 

(140 char tweets), for period 1 (January 5- March 21) (blue) and period 2 (March 22- May 30) (red). 

Confidence intervals represent two standard errors of the mean (SEM).  
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Appendix ADP/AWP 280 chars 2020 

Table 8 describes the dataset for 280 characters, Tables 9 and 10 report the correlations for ADP 

and AWP models for this dataset, and Figure 7 and 8 show the ADP and AWP profiles for the 

280 characters dataset.  

 

  

Before (1/3/2020-

21/3/2020) 

After (22/3/2020-

30/5/2020) 

Total 

Days 21 70 91 

Weeks 3 10 13 

Tweets 9,908,019 34,927,992 44,836,011 

Words 207,757,891 708,206,805 915,964,696 

 

Table 8 – Description of the data for the 280 characters twitter collection - for period 1(March 1, 2020- 

March 21, 2020) and period 2 (March 22, 2020- May 30, 2020)  

 

 
Figure 7 - The Average Daily Profiles (ADP) of LIWC2015 indicators, based on 280 Chars database, for 

period 1 (March 1, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- May 30, 2020) (red). 

Confidence intervals represent two standard errors of the mean (SEM). 
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24h 

periodicity 

2020 (280 

chars) 

Before lockdown After lockdown Across 

Correlation P-Value correlation P-Value Correlation P-Value 

Count 0.9810 <0.001 0.9874 <0.001 0.9775 <0.001 

Affect 0.5825 <0.001 0.5398 <0.001 0.4982 <0.001 

Posemo 0.8053 <0.001 0.7502 <0.001 0.7328 <0.001 

Negemo 0.7466 <0.001 0.7573 <0.001 0.7520 <0.001 

Anger 0.6882 <0.001 0.7503 <0.001 0.7440 <0.001 

Anxiety 0.2181 <0.001 0.1870 <0.001 0.1289 <0.001 

Sadness 0.3912 <0.001 0.4330 <0.001 0.4096 <0.001 

 

 

Table 9- The first four columns report the Pearson Correlation Coefficient (and p-value) between original 

data and model periodic data, based on 280 Chars Database, for period 1(March 1, 2020- March 21, 2020) 

and period 2 (March 22, 2020- May 30, 2020). The last two columns report the correlation coefficient 

between original data (before lockdown) and modeled data (after lockdown), based on 280 Chars 

Database, for period 1(March 1, 2020- March 21, 2020) and period 2 (March 22, 2020- May 30, 2020). P-

values for Pearson correlation coefficient are calculated automatically with Matlab, using standard t-test. 
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Figure 8 - The Average Weekly Profiles (AWP) of LIWC2015 indicators, based on 280 Chars database, 

for period 1 (March 1, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- May 30, 2020) 

(red). Confidence intervals represent two standard errors of the mean (SEM). 

 

168h 

periodicity 

2020 (280 

chars) 

Before lockdown After lockdown Across 

Correlation P-Value correlation P-Value Correlation P-Value 

Count 0.9886 <0.001 0.9911 <0.001 0.9768 <0.001 

Affect 0.8019 <0.001 0.5899 <0.001 0.4720 <0.001 

Posemo 0.9010 <0.001 0.7746 <0.001 0.6773 <0.001 

Negemo 0.8304 <0.001 0.8095 <0.001 0.7648 <0.001 

Anger 0.8213 <0.001 0.7805 <0.001 0.6638 <0.001 

Anxiety 0.5541 <0.001 0.2988 <0.001 0.0299 <0.001 

Sadness 0.5147 <0.001 0.5721 <0.001 0.2712 <0.001 
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Table 10 - The first four columns report the Pearson Correlation Coefficient (and p-value) between original 

data and model periodic data, based on 280 Chars Database, for period 1(March 1, 2020- March 21, 2020) 

and period 2 (March 22, 2020- May 30, 2020). The last two columns report the correlation coefficient 

between original data (before lockdown) and modeled data (after lockdown), based on 280 Chars 

Database, for period 1(March 1, 2020- March 21, 2020) and period 2 (March 22, 2020- May 30th, 2020). 

 

 

 
Figure 9 - Top - The Average Daily Profiles (ADP) for the word BUS, based on 280 Chars database, for 

period 1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- May 30th, 2020) (red). 

Bottom - The Average Weekly Profiles (AWP) for the word BUS, based on 280 Chars database, for period 

1 (January 5, 2020- March 21, 2020) (blue) and period 2 (March 22, 2020- May 30 2020) (red). 

Confidence intervals represent two standard errors of the mean (SEM). 

 


