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ABSTRACT 
Changes in the sentiment of Dutch public social media messages were compared with changes 

in monthly consumer confidence over a period of three-and-a-half years, revealing that both 

were highly correlated (up to r = 0.9) and that both series cointegrated. This phenomenon is 

predominantly affected by changes in the sentiment of all Dutch public Facebook messages. 

The inclusion of various selections of public Twitter messages improved this association and the 

response to changes in sentiment. Granger causality studies revealed that it is more likely that 

changes in consumer confidence precede those in social media sentiment than vice-versa. A 

comparison of the development of various seven-day sentiment aggregates with the monthly 

consumer confidence series confirmed this finding and revealed that the social media sentiment 

lag is most likely in the order of seven days. This indicates that, because of the ease at which 

social media sentiment-based data are available and can be processed, they can be published 

before the official consumer confidence publication and certainly at a higher frequency. All 

research findings are consistent with the notion that changes in consumer confidence and social 

media sentiment are affected by an identical underlying phenomenon. An explanation for this 

phenomenon can be found in the Appraisal-Tendency Framework (Han et al. 2007), which is 

concerned with consumer decision-making. In this framework, it is claimed that a consumer 

decision is influenced by two kinds of emotions, namely the incidental and the integral. In this 

framework, the integral emotion is relevant for the decision at stake, whereas the incidental 

emotion is not. Based on this theory, consumer confidence is likely to be influenced mainly by 

the incidental emotion, as consumer confidence is also not measured in relation to an actual 

decision to buy something. This suggests that the sentiment in social media messages might 

reflect the incidental emotion in that part of the population that is active on social media. 

Because of the general nature of the latter, one could denote this the “mood” of the nation 

(Lansdall-Welfare et al., 2012) in the context of consumer decision-making. In the paper, the 

relationship between social media sentiment and consumer confidence is discussed in depth. 

JEL codes C55, O35 

Keywords  Social media, sentiment, big data, methodology, statistics 



Statistics Paper No 5 / September 2014 

2 
 

NON-TECHNICAL SUMMARY 
The relationship between changes in Dutch consumer confidence and Dutch public social media 

messages was studied. This revealed a strong association between consumer confidence and the 

sentiment in public Facebook messages. More detailed investigations demonstrated that changes 

in confidence always preceded changes in Facebook message sentiment. The inclusion of 

Twitter message sentiment increased the association. The findings described in the paper are 

consistent with the notion that changes in consumer confidence and social media sentiment are 

affected by an identical underlying phenomenon. This suggests that the emotion influencing the 

answers of respondents to the Dutch consumer confidence survey also affects the sentiment of 

messages written by Dutch people who are active on social media. 
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1 INTRODUCTION 
In our modern world, more and more data are generated on the web and produced by sensors in 

the ever-growing number of electronic devices surrounding us. The amount of data and the 

frequency at which they are produced have led to the concept of “big data”. These kind of data 

are very interesting for many organisations, such as private companies, government, central 

banks and national statistical institutes. Big data are potentially also very interesting for the 

production of official statistics, either for use on their own or in combination with more 

traditional data sources, such as sample surveys and administrative registers. However, 

harvesting the information from big data and incorporating it into a statistical production 

process is challenging. At Statistics Netherlands, big data are already successfully used for the 

Consumer Price Index. Here, scanner data from supermarkets and product prices scraped from 

the internet provide the majority of the input data. In addition, big data studies are being 

conducted on the usability of road sensor data, mobile phone location data and social media 

messages for official statistics (Daas et al., 2013). This paper focuses on the latter data source. 

Social media are used more and more by increasing numbers of people worldwide. In June 2013 

eMarketing (2013) estimated that nearly a quarter of the world population are active on one or 

more social networks. However, this contribution varies per country and region. In its 2012 

autumn report Eurostat (2012) estimated that 42% of people in the European Union over 12 

years of age use social media at least once every week. But for some European countries, this 

contribution is much higher and more frequent. In Iceland, a staggering 77% use social media 

every day, followed by the Netherlands (60%; Stat. Neth., 2013b), Latvia (44%), Denmark and 

Sweden (both 43%). This makes social media in these countries a very interesting source for 

studies on social phenomena and other population-related topics (Miller, 2011).  

In recent years, a number of studies have been performed on the usability of social media 

messages. Although the majority seem to have had a marketing perspective (Kaplan and 

Haenlien, 2010), some have looked at it from a more scientific point of view (Miller, 2011; 

Groves, 2011). Since we focus on the sentiment in social media in this paper, several important 

sentiment-related studies are mentioned here. Landsdall-Welfare et al. (2012) used the 

sentiment in Twitter messages to nowcast the mood in the United Kingdom, whereas Bollen et 

al. (2010) and Rao and Srivastava (2012) attempted to predict the US stock market with Twitter 

sentiment. A considerable number of papers and reports have been written on this particular 

topic, for instance one by O’Conner et al. (2010) that linked Twitter sentiment to the public 

opinion measured in several polls. This study also includes references to comparable studies by 

others. All studies claim to have succeeded fairly well in linking the overall sentiment in the 

specific social media platform studied with changes in the time series with which they were 
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compared. This has resulted in several companies creating “rapid” indicators based on social 

media, usually Twitter, for specific areas. The company Downside Hedge (2013), for instance, 

uses Twitter sentiment for stock market analysis as a replacement for weekly surveys. 

In this paper, we focus on sentiment in Dutch social media. This includes all publicly accessible 

messages on a considerable number of platforms, such as Twitter, Facebook and Linkedin, and 

also includes Dutch messages produced on websites, forums and in blogs. The sentiment in 

these messages is used as an indication of overall sentiment in the Dutch population, i.e. the 

“mood” of the Dutch nation. An initial finding of this phenomenon was presented at the 2013 

“New Techniques and Technologies for Statistics” conference (Daas et al., 2013). In this paper, 

we describe in depth the relationship between Dutch social media sentiment and consumer 

confidence and its potential use. If changes in social media sentiment are indeed related to 

Dutch consumer confidence, they could be used as a readily available indicator for changes in 

consumer confidence and, as such, may contribute to, or even provide an early indicator of, an 

important official statistic. This provides important information on the state of the economy 

from a consumer perspective to be used by, for instance, the government, central banks and 

policy-makers. If a social media-based indicator can be produced in a methodologically sound 

manner, these kind of big data-based statistics have the potential to be cheaper and faster than 

official statistics known to date. 
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2 DATA AND METHODS 
2.1 DATA SOURCES 

The study is based on two data sources. The first is consumer confidence data collected and 

determined by Statistics Netherlands. Consumer confidence is an index figure that indicates the 

extent to which households think that the economy is doing better or worse. The index is based 

on the sentiments of households on the economic climate in general and on their own financial 

situation (Stat. Neth., 2013a). During the first two weeks of each month Statistics Netherlands 

conducts the consumer confidence survey among around 1,000 households. They are asked five 

questions that can be answered positively, negatively or neutrally, i.e. the situation has remained 

the same. The five questions are about the current and anticipated economic situation of the 

Netherlands, the current and anticipated financial situation of the household and if the current 

time is considered a good one to buy large goods. The indicator for each question is calculated 

by subtracting the percentage of negative answers from the percentage of positive answers. 

Consumer confidence is the average net result of all five indicators. Findings for a particular 

month are reported in the week following the survey period, usually around the 20th of the 

month. Consumer confidence data are available in the electronic databank of Statistics 

Netherlands, which is located at: http://statline.cbs.nl/.  

Social media messages are the second data source used. Since a large number of messages are 

created on various platforms, routinely collecting large amounts of social media messages is a 

tremendous effort. For our studies, huge amounts of social media messages were needed on as 

many platforms as possible. We therefore purchased access to the collection of public social 

media messages gathered by the Dutch company Coosto (2014). This company routinely 

collects public social media messages written in the Dutch language on the most popular social 

media platforms in the country, such as Twitter, Facebook, Linkedin, Google+ and Hyves. Their 

data collection also includes Dutch messages and reaction posted on public blogs and forums, as 

well as on many publicly available web pages, such as those of newspapers and news sites. A 

total of 400,000 sources are continuously monitored. This has resulted in a collection composed 

of more than 3 billion messages covering the period from 2009 to now. Around 2.5 million new 

messages are added per day. The messages can be queried in a convenient fashion through a 

secure online interface. Coosto also has a collection of social media messages produced in the 

United Kingdom. 

2.2 SENTIMENT DETERMINATION 

Apart from the message’s content and some basic information on the user, the sentiment of the 

messages collected is automatically determined by Coosto. This is done by checking whether a 
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message expresses a positive or negative opinion. For this purpose, a proprietary variant of a 

sentence level-based classification approach is used (for an overview, see Pang and Lee, 2008). 

The approach strictly determines the overall sentiment of the combination of words included in 

each message. The sentiment classification of the words in the Dutch lexicon is used in a 

fashion similar to that described by van Assen et al. (2013), to which the sentiment of the 

informal words and emoticons used in social media are added (Velikovich et al., 2010). The 

overall sentiment of a message is essentially assigned as Esuli and Sebastiani (2006) describe. 

This results in messages to which either a positive, negative or neutral label is assigned. Neutral 

messages exhibit no apparent sentiment, e.g. objective sentences. At the level of individual 

messages, such a classification will obviously contain errors. However, since we are only 

interested in the aggregated sentiment of messages created during specific intervals (e.g. days, 

weeks, months), such errors will generally cancel each other out because of the enormous 

amounts of messages produced (see O’Conner et al., 2010, for more details). However, they 

may still be potentially biased. Our studies usually included aggregates of 2 million-75 million 

messages per time interval studied. At the beginning of January 2013, Coosto adjusted its 

sentiment determination method by additionally assigning sentiment to messages containing 

smileys. This affected the average sentiment values of aggregates; they became more positive. 

To correct for this methodological change, the sentiment of daily aggregates in the two months 

before and after January 2013 were visually compared and aligned. Usually, the difference was 

around 5%. Particularly for Facebook and Twitter messages, routine checks were performed to 

verify whether and, if so, how this correction affected our findings by comparing the results 

obtained before and after January 2013.  

2.3 DATA SELECTION AND ANALYSIS 

Coosto’s database of the public Dutch social media messages that were collected was accessed 

via a secure web interface. In the interface keywords, a time period and the various social media 

platforms to include were specified. Query results in the period studied, such as the total number 

of messages and the number of messages for which positive and negative sentiment were 

assigned, were exported at an aggregated level. Results were routinely exported as daily 

aggregates in CSV format for more rigorous analysis. For this, the open source statistical 

software environment R was used (R Development Core Team, 2012). In R, the CSV files were 

loaded and the total number of messages for which positive and negative sentiment were 

assigned were aggregated at selected time intervals, e.g. 7, 14, 21 or 28 days. The average 

sentiment for each interval was calculated by subtracting the percentage of messages classified 

as negative from that of those classified as positive. Next, the social media sentiment findings 

were aligned with monthly consumer confidence data covering the same period.  
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The relationship between series of individual and multiple social media messages produced on 

various platforms and consumer confidence was compared with standard linear regression 

models. Models with and without interaction effects were considered.  All messages produced 

during a specific time interval were aggregated and the development of the average sentiment 

was compared with consumer confidence. To determine the quality of the linear model for each 

series, leave-out-one cross validation studies (Arlot and Celisse, 2010) were performed. 

Average correlation and cointegration values were determined (see below) and the average 

residual sum of squares was used as an additional measure of fit.  

Pearson’s product-moment correlation coefficients (r) of sentiment and consumer confidence 

were determined with the base cor function of R. Series were routinely checked by visual 

inspection, e.g. the creation of scatter plots. The concept of cointegration was used to check for 

stationary linear combinations of sentiment and consumer confidence (Murray, 1994). 

Cointegration was calculated according to the Engle-Granger two-step method (Engle and 

Granger, 1987), i.e. after fitting a linear model, an augmented Dickey–Fuller (adf) test was 

performed on the residuals. For this, the adf-test function in the tseries package was used 

(Trapletti and Hornik, 2013). Series with a p-value below 0.05 were considered to cointegrate. 

Auto- and cross-covariance and -correlation of the residuals, to check for seasonality and trends, 

were studied with the appropriate functions in the astsa package (Stoffer, 2012). Independence 

of the residuals was also checked with the Durbin-Watson test in the lmtest package (Zeileis and 

Hothorn, 2002). Granger causality was used to study the predictive relationship between social 

media sentiment and consumer confidence and vice-versa. These analyses rest on the 

assumption that if one particular variable affects another, changes in the first will systematically 

occur before changes in the other. If this is the case, lagged values of the first will exhibit a 

statistically significant correlation with the other variable. For these analyses, the granger.test 

function in the lmtest package was used (Zeileis and Hothorn, 2002). Forecast skills scores were 

calculated as described by Murphy (1988) with 50% chance as the standard of reference and 

increase or decrease as possible outcomes. 
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3 RESULTS 
3.1 EXPLORATORY ANALYSIS 

Our initial studies revealed a sharp increase in the number of social media messages in the data 

set from June 2010 onwards. The latter corresponded to the starting period at which the 

collection of public Dutch Twitter messages was initiated at a large scale. After that around 75 

million messages were added each month, corresponding to an average of 2.4 million messages 

a day. Because of this our studies focused on the period June 2010 until November 2013; a 

period of 42 months. Note that this is a relatively short period for time series analysis. An 

overview of the sentiment data, aggregated at a daily, weekly and monthly level, including an 

insert of the development of consumer confidence for the same period is shown in Figure 1. A 

visual comparison of the data in this figure suggests that consumer confidence and monthly 

aggregated social media sentiment display a similar development. The figure also reveals that 

daily sentiment fluctuated tremendously while weekly and monthly aggregates behaved much 

less volatile. Particularly prominent are the positive daily and weekly sentiment peaks near the 

end of December for 2010 and 2011. A similar situation has been reported for the UK 

(Lansdall–Welfare et al., 2012) and was due to an increase of more positive messages related to 

Christmas and New Year during that period. This was also the case here, but over the years the 

sentiment in the Dutch data set gradually decreased because of the increase in the number of 

negative messages complaining about firework nuisance. Studies focused on the identification 

of other patterns in the daily sentiment data suggested a weekly pattern, with a somewhat higher 

sentiment on Fridays and during the weekend. No clear other seasonal patterns became 

apparent. Hence, in subsequent studies it was decided to use aggregated sentiment data of one 

and more 7-day periods.  
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Figure 1 

 
Development of daily, weekly and monthly aggregates of social media sentiment from June 2010 until November 2013, in blue, red 
and yellow, respectively. In the insert the development of consumer confidence is shown for the same period. 

 

The platform dominating the social media data set is Twitter as 80% of all messages are 

composed of so-called ‘tweets’ (Table 1). Public Facebook messages comprise a bit more than 

10% of the data set. In Table 1 an overview is given of the characteristics of messages created 

on all and on each of the various social media platforms discerned. The development of the 

average monthly sentiment of each of these sources is also compared to that of the original 

(non-seasonally adjusted) Dutch consumer confidence series covering the same period (Stat. 

Neth., 2013a). Both Pearson product moment correlation coefficients (r) and cointegration of 

the series are determined for all sources listed. Correlation is used to checks for a comparable 

development; the values before the slash sign in the last column of Table 1. However, the fact 

that two series correlate does not directly imply that changes in one series are actually caused by 

(changes in) the other series. The relation could simply be coincidental; usually referred to as a 

spurious or false correlation. To reduce this risk, cointegration is additionally determined. 

Cointegration provides a stronger argument as it checks for a common stochastic drift, 

indicating that series exhibit fluctuations around a common trend (Engel and Granger, 1987). It 

is important to also consider the publication date of consumer confidence here. The survey is 

always conducted during the first 14 days of each month, and the figure –for that particular 

month– is published around the 20th of that month (Stat. Neth., 2013a). The exact date of the 

latter may fluctuate a few days depending on the relative position of the working days following 
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the survey period. Monthly sentiment aggregates will therefore also include days in which 

consumer confidence –for that particular month– is already publically known. We therefore also 

compared the ‘monthly’ sentiment of the combination of social media messages produced in the 

second half of the previous month (after the survey period for that month) combined with those 

produced in the first half of the current month (during the survey period for that month and, 

certainly, before the moment of publication). The messages produced during such periods make 

maximum use of the sentiment-related information available and are expected to be less likely 

influenced by the consumer confidence findings for the month to which they are compared. The 

results for this adjusted time interval are shown in the last column of Table 1 (after the slash 

sign). 

These studies reveal that changes in the sentiment of public Facebook messages not only highly 

correlate with consumer confidence, r = 0.81 and 0.85 depending on the time interval, but that 

these series also cointegrate. This clearly demonstrates a good association between both series, 

but says nothing about an underlying cause. Sentiment data of the other platforms and of the 

combination of all messages display various degrees of correlations that do not cointegrate, 

suggesting none or a much poorer association. To test whether changes in Facebook sentiment 

preceded changes in consumer confidence or vice-versa, Granger causality analysis were 

performed. These analysis rest on the assumption that if a particular variable affects another 

variable, changes in the first will systematically occur before changes in the other. If this is the 

case, lagged values of the first will exhibit a statistically significant correlation with the other 

variable. Lagging the period for Facebook on consumer confidence by one or more months did 

not reveal an additional effect. Lagging the period for consumer confidence data by one month, 

however, did reveal a significant effect on Facebook sentiment; p < 0.001 for the series in which 

the days in each month completely coincided and p < 0.05 for the series with an adjusted time 

interval. This and the difference between those p-values suggest that Facebook sentiment is very 

likely affected by consumer confidence. Since this is even the case for the series with the 

adjusted time interval, which did not include messages produced during the time consumer 

confidence is published for that particular month, this suggests that both might be affected by a 

common underlying cause.  
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Table 1 Social media message properties for various platforms and their correlation 
with consumer confidence 

Social 
media 

platform 

Number of 
social media 
messages1 

Number of 
messages 

as 
percentage 
of total (%) 

Number of  
messages 
in which 
sentiment 

was 
assigned 

(%) 

Average 
sentiment 

(%) 

Correlation coefficient of 
monthly sentiment index and 

consumer confidence (r)2 

All 
platform 
combined 

3,161,538,534 100 36.8 13.0 0.75 / 0.78 

Facebook 334,894,060 10.6 34.1 20.5 0.81* / 0.85* 

Twitter 2,531,627,287 80.1 35.7 11.6 0.68 / 0.70 

Hyves 45,288,698 1.4 45.2 22.8 0.50 / 0.58 

News sites 56,598,982 1.8 46.1 -1.5 0.37 / 0.26 

Blogs 49,366,962 1.6 64.4 39.4 0.25 / 0.22 

Google+ 644,042 0.02 39.8 19.6 -0.04 / -0.09 

Linkedin 565,811 0.02 47.9 25.7 -0.23 / -0.25 

Youtube 5,665,644 0.2 43.6 16.7 -0.37 / -0.41 

Forums 136,887,048 4.3 47.3 15.9 -0.45 / -0.49 
1 period covered June 2010 to November 2013 
2 values after the slash cover messages produced in second half of previous month and first half of current month (see text) 
* Integration of order 1 and cointegration 
 

Visual plots of the relative development of daily aggregated sentiment on each of the social 

media platforms provided additional insights. In Figure 2, the development of the sentiment for 

Twitter clearly demonstrates a decrease around the period consumer confidence dropped 

(compare this with the insert in Figure 1) and it is the only platform with a clear increase in 

sentiment at the end of the series, i.e. November 2013. This was also the onset of a steady 

increase in consumer confidence in the Netherlands (Stat. Neth., 2013a). This prompted us to 

investigate if any combination or subset(s) of social media messages were able to capture these 

phenomena. 
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Figure 2 

 
Relative development of daily aggregates of social media sentiment on the various platforms during the period studied. Facebook 
and Twitter account for 10 and 80% respectively of all messages collected. 

 

3.2 EFFECT OF FACEBOOK AND TWITTER MESSAGES 

Since Twitter and Facebook clearly dominated the social media dataset, the messages collected 

on these platforms were investigated thoroughly. Messages produced on the other platforms 

were also included in our studies, but these provided no additional information and are therefore 

no longer discussed. This is not unexpected considering there were few of them (see Table 1). 

Many combinations of messages produced on Facebook and/or Twitter were tested with and 

without specific words being used as selection criteria. The latter approach was inspired by an 

earlier study performed at our office that revealed that nearly 50% of all Twitter messages 

produced in the Netherlands can be considered “pointless babble” (Daas et al. 2012), which 

made them potentially less interesting. Perhaps selecting messages that only contained specific 

words could positively affect the association between social media sentiment and consumer 

confidence. The relationship between series of individual and combined Facebook and Twitter 

messages – with and without specific words being used as selection criteria – and consumer 

confidence was compared with standard linear regression models. Models with and without 

interaction effects were considered.  
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Messages were aggregated and assigned to months according to the adjusted time interval 

described above. All messages produced during a specific time interval were aggregated and the 

development of the average sentiment was compared with consumer confidence. Leave-out-one 

cross-validation studies (Arlot and Celisse, 2010) were used to determine the quality of the 

model. Average correlation and cointegration values were determined and the average residual 

sum of squares was used as an additional measure of fit. Granger causality of the effect of the 

sentiment on consumer confidence and vice-versa was also determined. This work revealed that 

a considerable number of the combination of all public Facebook messages and selected Twitter 

messages containing specific words displayed high correlation coefficients with consumer 

confidence. Many of these series also cointegrated. Combinations in which selected Facebook 

messages were included performed worse than the combination of all Facebook messages. The 

effect of including interaction effects in the models when using combinations of sources varied. 

Table 2 shows the results of the best-performing combinations of all Facebook and selected 

Twitter messages. They all display high correlation coefficients (at least r = 0.86) and they all 

cointegrate. The findings for Facebook alone are listed at the top of the table, followed by those 

for the combination of Facebook and all Twitter messages. Table 2 shows three distinct types of 

selection criteria. The first is the use of words equal or related to consumer confidence or to 

those used in the questions asked to determine it (Nos 3-6 in Table 2). The second approach 

focuses on messages containing personal pronouns, such as ‘I’, ‘me’, ‘you’ and ‘us’, reflecting 

personal or group experiences (Nos 7-9). The third group contains the words or combinations of 

words used most often in the Dutch language, both written and spoken (Nos 10-14). Examples 

of this are the Dutch articles and the words “this” and “that”. In addition, combinations of words 

included in the second and third groups are also considered (Nos 15-20).  

The regression models without interaction indicated that, in all cases shown in Table 2, the 

inclusion of both Facebook and Twitter messages significantly contributed to the model (p < 

0.001) and that the β-coefficients (slopes) of both sources were positive. With sentiment on the 

x-axis and confidence on the y-axis, the β0-coefficient (intercept) was negative in all cases, 

reflecting the fact that average social media sentiment was much more positive than average 

consumer confidence over the period studied (see also Table 1). Visual inspection and checks 

for autocorrelation of the residuals of the models revealed no apparent trend. The results of 

Granger causality analysis, to specifically check if the sentiment in any of the combinations of 

sources preceded consumer confidence, differed somewhat for the various combinations shown 

and for the models with and without interaction. The p-values were usually lower for the models 

that included an interaction component. Some of the combinations listed in Table 2 suggested 

that sentiment potentially had an effect on consumer confidence (p < 0.01; not shown). The 

latter suggests a probability for a preceding effect on consumer confidence from social media 
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sentiment. These findings support the idea that some of these combinations could be able to 

detect “upcoming” changes in consumer confidence. What Table 2 also reveals is that each of 

the different types of selection criteria tested works. Using words specifically related to 

consumer confidence or the economy provides positive results (Nos 5 and 6 in Table 2), as does 

using all the personal pronouns (Nos 7-9) or including words in the Dutch language that are 

used with a high frequency (Nos 10-13). The most intriguing result in Table 2 is the fact that, 

when the combined top ten most frequently written and spoken Dutch words are used as 

selection criteria for Twitter messages (No 10 in Table 2), a mere 65% of the total number of 

messages are included. Inspecting the excluded messages revealed that more than 90% of them 

can be designated pointless babble. 
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Table 2 Social media message properties for combinations of Facebook and Twitter messages and their correlation with consumer confidence 

 
Effect of Twitter messages containing specific words in 

combination with all Facebook messages 
Number of 
messages1 

Number of messages 
as percentage of total 
messages collected 

(%) 

Number of messages 
as percentage of total 

Twitter messages 
collected (%) 

Average 
sentiment 

(%) 

Correlation 
coefficient (r) 
without / with 

interaction3 

Sum of 
squares 

without / with 
interaction3   

1 no Twitter messages (Facebook alone) 334,854,088 10.6 - 20.3 0.85* 1676 
2 all Twitter messages 2,861,335,567 90.7 100 12.4 0.87* / 0.89* 1468 / 1286 
3 consumer, confidence 334,881,109 10.6 0.001 20.3 0.86* / 0.86* 1629 / 1623 
4 consumer, confidence, economy, finance, spending 339,076,031 10.8 0.2 19.8 0.88* / 0.88* 1456 / 1452 

5 
consumer, confidence, economy, finance, spending and 
synonyms 361,217,766 11.5 1.0 18.9 0.89* / 0.89* 1289 / 1265 

6 economy, job, jobs 339,774,637 10.8 0.2 20.0 0.88* / 0.88* 1408 / 1412 
7 I 848,063,303 26.9 20.3 12.5 0.89* / 0.90* 1263 / 1157 
8 I, me 990,225,039 31.4 25.9 11.5 0.90* / 0.91* 1240 / 1125 
9 I, me, you, we, he, she and other personal pronouns 1,295,209,897 41.1 38.0 11.8 0.90* / 0.91* 1159 / 1080 

10 
combination of ten most frequently spoken and written 
Dutch words 1,976,214,034 62.7 65.0 12.5 0.89* / 0.90* 1252 / 1150 

11 the (in Dutch: de)2 672,233,894 21.3 13.4 15.3 0.89* / 0.90* 1260 / 1210 
12 the (in Dutch: het)2 585,047,246 18.6 9.9 15.8 0.89* / 0.90* 1264 / 1212 
13 a/an (in Dutch: een) 627,740,894 19.9 11.6 16.6 0.90* / 0.90* 1232 / 1226 
14 that (in Dutch: dat) 545,575,408 17.3 8.3 15.5 0.89* / 0.90* 1275 / 1205 
15 the, a/an (Dutch articles) 1,059,162,973 33,6 28.7 14,5 0.90* / 0.90* 1232 / 1198 
16 the (het), I 1,026,797,559 32.6 27.4 12.5 0.90* / 0.90* 1241 / 1157 
17 a/an, I 1,062,599,886 33.7 28.8 12.9 0.90* / 0.90* 1206 / 1148 
18 the, a/an, I 1,383,657,115 43.9 41.5 12.8 0.90* / 0.90* 1220 / 1162 
19 the, a/an, I, that 1,446,902,927 45.9 44.0 12.7 0.90* / 0.90* 1223 / 1162 

20 
the, a/an, that, I, me, you, we, he, she and other personal 
pronouns 1,711,886,042 54.3 54.5 12.2 0.90* / 0.91* 1179 / 1114 

1 period covered June 2010 to November 2013 
2 Dutch has two definite articles: “de” and “het”  
3 average results of 42 leave-one-out cross-validations  
* Integration of order 1 and cointegration 
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3.3 EFFECT OF DIFFERENT SEVEN-DAY PERIODS AND FORECASTING PROPERTIES 

Since the consumer confidence survey is conducted during the first half of the month, attention 

was also focused on comparing the average social media sentiment for various seven-day 

periods before, during and after the survey period. These periods started 14 days before and 

ended 28 days after the beginning of the month. All combinations listed in Table 2 were tested. 

For each series, leave-out-one cross-validation studies were performed. These revealed that very 

high correlation coefficients, up to r = 0.93, were found for the period coinciding with the 

second half of the survey period, i.e. day 8 to day 14 (see Table 3). Every combination  in  this 

and the subsequent two seven-day periods cointegrated. Correlations for the first seven days of 

the week, i.e. the first part of the survey period, were somewhat lower and did not cointegrate 

for any combination, which suggests a clear distinction between the development of the 

sentiment of social media messages produced during the first and second half of the survey 

period. In this respect, it is important to note that the response to the survey is routinely highest 

during the first seven days, in which around 70% of the total response is usually obtained. These 

findings are clearly not reflected in the sentiment of the social media messages produced during 

that period. The best-performing model overall for any of the seven-day periods listed in Table 

3 based on correlation, cointegration and the residual sum of squares was the combination of all 

Facebook and Twitter messages containing any of the Dutch articles, “that” or personal 

pronouns (No 20). When aggregates of longer periods were compared, e.g. 14, 21 and 28 days, 

all 28-day aggregates and any aggregate covering day 8 to day 21 or day 15 to day 28 

cointegrated with consumer confidence. The best 28-day period was the combinations of 

messages produced in the last 14 days of the previous month and the first 14 days of the current 

month. These results are shown in Table 2. Here, the best results were again obtained for the 

combination of all Facebook and Twitter messages containing any of the Dutch articles, “that” 

or personal pronouns (No 20). 

The combinations were also checked for their ability to pick up the increase in consumer 

confidence observed in November 2013 (Figure 1). Sentiment combinations were fitted to 

consumer confidence data with the exception of the last month. Messages produced during 

various seven-day intervals, as shown in Table 3, or combinations thereof were tested and the 

predicted value of month 42 was compared with the actual increase measured. Linear models 

with and without interaction were used. The best-performing models used the sentiment of 

messages produced between the 22nd and 28th days of the month; all other periods performed 

much worse. Models without interaction usually performed somewhat better, as did 

combinations that included large amounts of Twitter messages. The combination of all 

Facebook and all Twitter messages performed best here: 93% of the increase was picked up. 

Next was the combination of Facebook and Twitter messages containing the Dutch articles, 
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“that” and personal pronouns (No 20) with an increase of 88%. Attempts to use changes in 

social media sentiment to predict changes in consumer confidence with any of the combinations 

and periods listed in Table 3 were unsuccessful. Here, an increase or decrease in consumer 

confidence was predicted for each month and 50% chance was used as the reference forecast, 

i.e. a forecast skill score of zero. A maximum score (Murphy, 1988) of 0.12 was found for a 

number of the combination shown in Table 3 for messages produced between the 22nd and 28th 

days of the month, where a value of one identifies the perfect score. 

3.4 COMPARISON WITH UK-DATA 

At the end of the study, the relationship between the sentiment in social media messages and 

consumer confidence was checked for UK data. The Dutch firm that provided access to Dutch 

messages also routinely collects public social media messages produced on various platforms in 

the United Kingdom. Again, data were available from June 2010 onwards. Results were 

compared with GfK’s monthly consumer confidence barometer (2014), which showed more 

volatile behaviour, reflecting the somewhat poorer quality compared with the Statistics 

Netherlands survey results. Even with this in mind, it was found that social media sentiment in 

publicly available social media messages in the United Kingdom correlated highly (r = 0.8) with 

UK consumer confidence. However, these results were only achieved if one specific month 

(August 2012) was removed from the sentiment series. This period roughly covered the 

Olympic Games that were held in London from 27 July to 12 August. Social media was used 

very actively by athletes, journalists, the Olympic committee and the public during the 

Olympics to inform and cheer on the Olympic athletes (see SportLaw, 2012 and references 

therein). Positive sentiment peaked tremendously, especially when an athlete won a gold medal. 

This change in the routine use of social media by both UK residents and visitors clearly had a 

negative effect on the more common relationship observed before and after the Olympic Games 

between social media sentiment and consumer confidence. With the understandable exception 

of August 2012, the UK results corroborate the Dutch findings.  
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Table 3 Social media message properties for combinations of Facebook and Twitter messages produced during various 7-day periods1 

 
Effect of Twitter messages containing specific words in 

combination with all Facebook messages 

Period -2 
Day -14 to day -

8 
Previous month 
Correlation coëf 

(r) (residual 
sum of sqrs) 

Period -1 
Day -7 to day -1 
Previous month 
Correlation coëf 

(r) (residual 
sum of sqrs) 

Period 1 
Day 1 to day 7 
Current month 

Correlation coëf 
(r) (residual 
sum of sqrs) 

Period 2 
Day 8 to day 14 
Current month 

Correlation coëf 
(r) (residual 
sum of sqrs) 

Period 3 
Day 15 until 21 
Current month 

Correlation coëf 
(r) (residual 
sum of sqrs) 

Period 4 
Day 22 until 28 
Current month 

Correlation coëf 
(r) (residual 
sum of sqrs) 

1 no Twitter messages (Facebook alone) 0.79 (2322) 0.78 (2411) 0.79 (2263) 0.82* (1951) 0.79* (2251) 0.85* (2662) 
2 all Twitter messages 0.82 (2031) 0.84 (1815) 0.84 (1890) 0.89* (1316) 0.87* (1576) 0.81* (2210) 
3 consumer, confidence 0.47 (2339) 0.79* (2321) 0.79 (2318) 0.83* (1922) 0.80* (2254) 0.76* (2642) 
4 consumer, confidence, economy, finance, spending 0.81 (2149) 0.84* (1833) 0.81 (2156) 0.87* (1548) 0.85* (1785) 0.78* (2479) 
5 consumer, confidence, economy, finance, spending and 

synonyms 0.86* (1575) 0.87 (1485) 0.87 (1480) 0.91* (1128) 0.87* (1497) 0.83* (1945) 

6 economy, job, jobs 0.84 (1862) 0.85 (1177) 0.85 (1714) 0.89* (1288) 0.85* (1779) 0.81* (2231) 
7 I 0.85 (1717) 0.87 (1557) 0.89 (1343) 0.92* (922) 0.89* 1347) 0.84* (1826) 
8 I, me 0.85 (1757) 0.86 (1625) 0.89 (1344) 0.92* (924) 0.88* (1358) 0.85* (1788) 
9 I, me, you, we, he, she and other personal pronouns 0.86* (1664) 0.87 (1495) 0.90 (1209) 0.93* (875) 0.89* (1294) 0.85* (1719) 
10 combination of ten most frequently spoken and written 

Dutch words 0.84 (1794) 0.87 (1480) 0.87 (1486) 0.91* (1061) 0.88* (1367) 0.73 (2965) 

11 the (in Dutch: de)2 0.83 (1970) 0.88 (1454) 0.88 (1455) 0.92* (986) 0.89* (1344) 0.81* (2145) 
12 the (in Dutch: het)2 0.85 (1732) 0.88 (1424) 0.88 (1388) 0.92* (933) 0.88* (1393) 0.83* (1947) 
13 a/an (in Dutch: een) 0.83 (1945) 0.88* (1461) 0.90 (1246) 0.93* (850) 0.89* (1256) 0.81* (2155) 
14 that 0.86 (1632) 0.88 (1412) 0.88 (1366) 0.92* (934) 0.88* (1366) 0.83* (1957) 
15 the, a/an (Dutch articles) 0.84 (1825) 0.88 (1385) 0.89 (1290) 0.93* (901) 0.89* (1311) 0.82* (2038) 
16 the (het), I 0.85 (1727) 0.88 (1463) 0.89 (1304) 0.93* (899) 0.89* (1347) 0.84* (1834) 
17 a/an, I 0.84 (1835) 0.87* (1525) 0.89 (1247) 0.93* (858) 0.89* (1292) 0.84* (1880) 
18 the, a/an, I 0.85 (1787) 0.88 (1426) 0.89 (1263) 0.93* (879) 0.89* (1320) 0.83* (1934) 
19 the, a/an, I, that 0.85 (1767) 0.88 (1425) 0.89 (1269) 0.93* (881) 0.89* (1322) 0.83* (1937) 
20 the, a/an, that, I, me, you, we, he, she and other personal 

pronouns 0.85 (1729) 0.88 (1435) 0.90 (1225) 0.93* (869) 0.89* (1302) 0.84* (1854) 
1 only the results for models including interactions are shown 
2 Dutch has two definite articles: “de” and “het” 
* Integration of order 1 and cointegration 
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4 DISCUSSION 
The results described above confirm that there is an association between (changes in) social 

media sentiment and consumer confidence for both the Netherlands and the United Kingdom. 

This relationship remained stable during the period investigated in our studies, with the 

exception of August 2012 in the United Kingdom. This indicated that major changes in the 

behaviour of the public on social media, such as those caused by important events (like the 

Olympic Games), can have a disturbing effect. Studies of Dutch social media indicated that 

public Facebook messages alone are already capable of capturing this phenomenon. This is 

interesting, as the majority of those in the Dutch population who are active on social media, 

about 70%, report that they use Facebook (Stat. Neth., 2013b). Granger causality studies for 

Facebook demonstrated that it is very likely that the changes in the sentiment in the public 

messages produced on this platform are affected after consumer confidence changes. The 

combination of public Facebook and Twitter messages containing any of the Dutch articles, 

“that” or personal pronouns (No 20 in Tables 2 and 3) are best at capturing this relationship and 

responded better to changes in sentiment. The fact that Twitter messages containing such 

generally used words are – in combination with Facebook – most effective suggests that a 

general “mood” is (indirectly) measured. Since models including an interaction component had 

a tendency to perform somewhat better, this also supports the idea that a generally occurring 

“mood” is measured, as this suggests that sentiment changes occurring on both platforms are 

also considered important. An explanation for the phenomenon observed can be found in the 

Appraisal-Tendency Framework (Han et al. 2007), which is concerned with consumer decision-

making. In this framework, it is claimed that a consumer’s decision is influenced by two kinds 

of emotions: the incidental emotion and the integral emotion. In this framework, the incidental 

emotion is irrelevant for a decision at stake, whereas the integral emotion is relevant. Based on 

this theory, consumer confidence is likely to be influenced mainly by the incidental emotion, as 

consumer confidence is not measured in relation to an actual decision to buy something. With 

this in mind, our research findings suggest that the sentiment in social media messages might 

reflect the incidental emotion in that part of the population active on social media. Because of 

the general nature of the latter, it would not surprise us if someone were to denote it the “mood” 

of the nation (Lansdall-Welfare et al., 2012). 

Comparing messages produced during different seven-day periods revealed that the sentiment in 

messages produced on days 8 to 14 of each month correlated best with consumer confidence; r 

= 0.93 were the highest correlations found. Since series that correlate highly do not have to 

result from a common underlying cause, i.e. the relationship could simply be coincidental, 

additional checks were performed. Cointegration indicated that both series share a common 
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stochastic drift, supporting the idea of long-term stability. Since the response to the consumer 

confidence survey is predominantly obtained in the first seven days of the 14-day survey period, 

which starts at the beginning of the month, this supports the idea of a (short) delay between 

changes in consumer confidence and social media sentiment. A delay was also observed when 

only Facebook messages were compared. This, combined with the fact that attempts to predict 

consumer confidence with social media sentiment performed very poorly, also supports the 

notion of a lag between both. All our results are consistent with the notion that changes in an 

apparent “mood” of the Dutch population both affect that part of the population responding to 

the consumer confidence survey and that part of the population creating public Facebook and 

Twitter messages in the same direction and, for social media, with a lag of around seven days. 

As such, developing a real-time indicator of the “mood” of the nation based on social media 

only seems possible if one accepts a short, possibly seven-day, lag. Because of this lag, the 

claim of Lansdall-Welfare et al. (2012) that social media could be used to ”nowcast” the mood 

of the nation is not fully supported by our findings. However, it is still a bit faster and can 

certainly be determined more frequently than the survey that probably also reflects this “mood” 

best: the consumer confidence survey. Combining both would be ideal. 

It was also found that the sentiment in social media is biased, as it is much more positive than 

consumer confidence, assuming that the latter is closer to the truth. Based on the notion that a 

similar “mood” affects both, the public active on social media clearly has a tendency to respond 

in a much more positive way. Perhaps this is a reflection of the tendency of people active on 

social media to report the positive things occurring in their life. It could also result from a 

difference in the age composition of the persons included in these sources, as younger and 

elderly people have a tendency to respond more and in a less positive way respectively (Stat. 

Neth., 2013c). This was observed in the consumer confidence survey. The bias observed could 

also be an indication that two – apparently cointegrated – non-identical phenomena are 

compared. Quantifying the contributing effect of social media sentiment on consumer 

confidence, for various age groups, could be a way to determine which of these options is more 

likely to be correct.  

Comparing the people responding to the survey and those active on social media brings us to a 

very intriguing part of this study: the relationship between consumer confidence and social 

media sentiment from a population point of view. Even though our study revealed that there 

clearly is an association between both, the units used to determine confidence and sentiment are 

obviously different. The units of the consumer confidence survey are households, from which a 

representative (the “head”; a person) is contacted and interviewed (Stat. Neth., 2013a). Usually, 

around 1,000 persons respond to the survey each month. For social media, the public messages 
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written in Dutch are collected and treated as if they are the units. Of these, millions to tens of 

millions are produced per month. Such messages were included in our analysis. Since 

confidence and sentiment are calculated in exactly the same way, i.e. the percentage of positives 

minus that of negatives, their development can be easily compared. Based on this and the fact 

that the population involved in the consumer confidence survey is a representative part of the 

Dutch population (Stat. Neth., 2013b), one is tempted to  conclude that (the changes in) both 

variables (sentiment and confidence) must also be representative (Buelens et al., 2013). Is this, 

in the case of social media, an example of the law of large numbers in action? One is tempted to 

conclude this, as the collection of social media messages is clearly an example of observational 

data – data collected without a design. From a big data perspective (Daas and Puts, 2014), it is 

good in such cases to strive to cover such a dataset completely. And this is exactly what the 

Dutch company Coosto does – it attempts to collect as many public social media messages on as 

many publicly accessible platforms as possible. Another explanation could be that the 

underlying phenomenon studied is simply less affected by differences in the composition of the 

population from which each variable is derived. As a result, even despite these differences the 

changes observed for both sentiment and confidence are expected to behave quite similar. This 

might be the case for monthly and weekly aggregated sentiment data, but obviously not for 

daily sentiment data (see Figure 1). In addition, the fact that younger people are more active on 

social media (Eurostat, 2012; Stat. Neth., 2013b) and respond more positively in the consumer 

confidence survey (Stat. Neth., 2013c) could explain the bias observed, but it does not support 

the idea of a phenomenon badly affected by variations in the composition of the population 

included. A recent Facebook study supports the idea of the occurrence of a general “mood” in a 

network. Kramer et al. (2014) found that the emotions expressed by others on Facebook 

influenced the emotional state of messages created by the individuals reading them. To be sure 

of what is going on, it is essential to study the changes in social media sentiment from a 

population perspective. It will be interesting to see whether this approach affects the relationship 

with the consumer confidence survey findings and, if so, how. It will also be interesting to start 

by studying the selectivity of the population active on Dutch social media. This is a challenge, 

as not all users provide easily identifiable information in their user profile (Daas et al., 2012),  

some accounts are clearly managed by companies rather than by individuals and  not everybody 

in the Netherlands posts messages on social media platforms (Buelens et al., 2014). Clearly, 

more scientific research is needed to fully comprehend the phenomenon described in this study.  

Providing no major events occur in the Netherlands that affect behaviour on social media and 

assuming that the bias between both series remains constant, our findings support the idea that 

social media could be used to enhance official statistics, e.g. by producing a weekly indicator 

based on social media sentiment. Initial results reveal that this is a much more volatile figure. In 
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this respect, it is also interesting to investigate the relationship with the five individual 

indicators on which consumer confidence is based. In addition, one could also attempt to 

“extract” opinions on other topics from social media, providing enough messages are available 

that capture the topic of interest. Future studies will focus on all of the above.  
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5 CONCLUSION 
The studies described in this report reveal a clear association between changes in the sentiment 

of Dutch social media messages and consumer confidence. It is primarily Facebook messages 

that affect this relationship, followed by Twitter messages. It was also revealed that changes in 

the sentiment of social media routinely preceded changes in consumer confidence. This lag is in 

the order of  seven days. Provided that the relationship between both series remains stable, our 

studies indicate that figures based on social media sentiment can be published before the 

monthly official consumer confidence publication and certainly at a higher frequency. Because 

of the ease at which social media are available and at which the data were able to be processed, 

a weekly indicator is a very interesting option. 
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