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Abstract

We examine the information content of a newly created news senti-

ment index from over 300,000 articles from some of the most widely read

newspapers in the US to explain changes in the University of Michigan In-

dex of Consumer Sentiment from 1995 to 2009. Using ARMA-models, we

show that consumer sentiment is in�uenced by news sentiment and other

variables, such as prices, income and interest rates. While there exists a

statistically signi�cant relationship between news sentiment and private

consumption, the consumption behavior of private households can best

be explained by consumer sentiment combined with changes in personal

income and consumer prices. We add news sentiment to the causality

chain before consumer sentiment and private consumption.
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1 Introduction

1.1 Introduction and Summary

We introduce a novel data set with a news sentiment index that was constructed

from a selection of over 300,000 newspaper articles from �ve of the top ten

newspapers in the US by circulation. Drawing on the studies of Breeden (1986),

Campbell and Mankiw (1989, 1990, 1991) and Carroll et al (1994) among others,

we take their idea further by suggesting that news in�uence consumer sentiment

measured by the University of Michigan Index of Consumer Sentiment (ICS),

ultimately in�uencing consumption behavior. By constructing ARMA-models,

we show that news sentiment, when combined with other variables, such as

personal income, consumer prices and interest rates, achieves statistically sig-

ni�cant results to explain changes in consumer sentiment. Consumer sentiment,

in turn, has the highest explanatory power in models that explain changes in

private consumption. Combined with news sentiment, personal income and

prices, the ICS achieves highly statistically signi�cant results and performs best

individually.

Section 1 discusses the motivation of the paper and the related literature

as well as the novel data set. Section 2 sets out the model and discusses the

empirical results, while section 3 concludes.

1.2 Motivation and Literature Overview

Many attempts have been made to explain changes in private consumption of

the US economy because it makes up around 70% of its gross domestic product.

If economists know how private consumption develops, they have a good under-

standing of how the overall economy is behaving. According to the Permanent

Income Hypothesis (PIH), �rst formulated by Friedman (1957), consumption

patterns of consumers are not determined by current income but rather by their

longer-term income expectations. Thus, short-term changes in income have

little e�ect on consumer spending behavior. But what drives the longer-term

income expectations of consumers? Hayashi (1982) formulated the basic optimal

consumption rule as follows:

ct = α (At +Ht) , (1)
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where ct represents consumption at time t, and At is real nonhuman wealth.

Real human wealth Ht is de�ned as the present discounted value of expected

future real labor income:

Ht =

∞∑
k=0

(1 + µ)
−k

tyt+k, (2)

where µ is the discount rate and tyt+k refers to the household's expectation as

of t of real, after-tax labor income at t + k. Hayashi (1982) further points out

that the rational expectations hypothesis1 incorporates the idea that tyt+k =

E (yt+k | It), where It is the set of information held by the household at t. It

is the information set that each household holds, out of which the consumption

behavior is formed. But out of what does this kind of information set consist?

By what are consumers' expectations in�uenced?

In general, let us assume that the ordinary consumer is not a trained economist.

This consumer obtains her information about the economy mainly through the

news she reads about the economy. This, in turn, shapes her expectations and

sentiment about future income and consumption of her household. Each article

the consumer reads evokes a certain feeling, opinion, or emotion about the state

of the subject, which can be either positive or negative. This is what we call

news sentiment in this study. In Fig. 1, we have amended the information �ow

chart of Doms and Morin (2004) and added news sentiment, postulating that

the reader, or the consumer, is in�uenced by the news and the sentiment por-

trayed through news that she reads, which form her expectations and sentiment,

ultimately driving changes in future consumption.

We thus hypothesize that consumer expectations and sentiment are in�u-

enced by news sentiment as well as expectations about future income, personal

wealth and general macroeconomic variables. Accordingly, we de�ne It as fol-

lows

It = St−i + εt, (3)

where St−i refers to consumer sentiment and expectations (in this paper, we set

St−i= ICS) at time period t with some lag i.

In their studies, Campbell and Mankiw (1989, 1990, 1991) extend the pure

life-cycle / permanent-income hypothesis. As opposed to previous works, they

1cf. Muth, J.F. 1961. Rational Expectations and the Theory of Price Movements. Econo-
metrica 29: 315-335.
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distinguish between two kinds of consumers:

∆cLt = εt, (4)

∆cRt = ∆yRt , (5)

where cLt refers to life-cycle consumers, cRt to rule-of-thumb consumers, εt to

news received in period t about lifetime resources, and yt to current income of

private households. A crucial assumption in the Campbell-Mankiw framework

is that rule-of-thumb consumers receive a constant proportion λ of total income.

Aggregate consumption is then given as follows by the combination of equations

(4) and (5):

∆ct = λ4yt + εt. (6)

Carroll et al (1994) examine the predictive power of consumer sentiment for

future changes in consumption spending. They �nd that lagged consumer senti-

ment can partly explain current changes in household spending. Drawing on the

studies of Campbell and Mankiw (1989, 1990, 1991), Carroll et al (1994) are able

to reject their hypothesis that lagged sentiment a�ects consumption growth only

through the income channel, giving room for more variables that might a�ect

consumer behavior. They claim that habit formation should be explored further

to identify other channels that could possibly a�ect consumption growth. News

sentiment is tested as a possible new channel that a�ects consumer expecta-

tions and sentiment and ultimately consumption behavior. Carroll et al (1994)

also suggest that lagged sentiment might provide incremental information about

current consumption growth, as follows,

4 log ct = α0 +

N∑
i=1

βiSt−i + γZt−1 + vt, (7)

where St refers to consumer sentiment and expectations (i.e. the ICS) and Zt

is a vector of other variables. They leave room for speculation which other vari-

ables are correct to include in the vector Zt. Their suggestion is key motivator

to this study, since they hypothesize that other variables can a�ect consumer

behavior. Breeden (1986), for example, found that risk-less interest rates as well

as in�ation are related to the expected growth rate of aggregate consumption.

Thus, we test whether these other variables can be personal income yt, as in
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Campbell and Mankiw (1989, 1990, 1991), consumer prices pt and long-term

interest rates rt, as in Breeden (1986), as well as a novel variable introduced

in this study: news sentiment nst with some lag i. Thus, in this study Zt can

assume the following values

Zt = yt−i + rt−i + pt−i + nst−i + ut. (8)

Given equations (7) and (8), we obtain

4 log ct = α0 +

N∑
i=1

βiSt−i + γ nst−i + δ yt−i + ϑ rt−i + η pt−i + vt. (9)

We thus have a function that incorporates both consumer sentiment and ex-

pectations St as well as news sentiment nst along with other macroeconomic

variables that can explain changes in US private consumption.

In another study, Acemoglu and Scott (1994) use UK data to prove that

con�dence indicators outperform other macroeconomic variables that explain

consumer behavior. In this light, they reject the Rational Expectations Per-

manent Income Hypothesis (REPIH)2 and conclude that the predictive ability

of con�dence indicators is inconsistent with forward-looking behavior. Lloyd

(1999) �nds that consumer sentiment surveys (including the ICS) perform bet-

ter than professional forecasters when implemented in forecasting models for

in�ation and consumer expectations.

Ang et al (2007) �nd that consumer sentiment surveys (e.g. the ICS) perform

best in forecasting models of in�ation as opposed to time-series, Phillips curve,

and term structure forecasts. They further �nd little evidence that combining

forecasts produces superior forecasts to survey information alone. We thus test

each variable individually and jointly against the dependent variable to validate

their �ndings. It is noteworthy to point out that they hypothesize that one

possibility for the better performance of survey forecasts is that the survey

aggregate information is from many di�erent sources, which are not captured

by a single model. They claim that the superior information in median survey

forecasts may be due to an e�ect that is similar to Bayesian model averaging.

We thus take this idea further and test whether news sentiment can add value

to forecasts based on consumer sentiment surveys, such as the ICS, and if a

2cf. Hall, R. E. 1978. Stochastic implications of the life cycle-permanent income hypothesis:
theory and evidence. Journal of Political Economy 86: 971-987.
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combination of the analysis of widely-read newspapers aids in capturing the

e�ect that news sentiment has on consumers.

Doms and Morin (2004) examine the hypothesis that news media a�ects

consumers' perceptions of the economy. They �nd that the tone and volume

of economic reporting in news a�ect sentiment of consumers. Further, they

identify a short-lived e�ect of sentiment on consumer spending, lasting only a

few months. Given their �ndings, we want to test whether a positive or negative

tone in news reporting (i.e. news sentiment) drives consumer expectations and

sentiment, as well as consumption behavior and, if present, how long this e�ect

lasts, so that

∆St = γ nst−i + εt. (10)

Given the above, we also want to test whether other variables, such as per-

sonal income, risk-free interest rates, and in�ation in�uence and form consumer

expectations and sentiment:

4St = γ nst−i + δ yt−i + ϑ rt−i + η pt−i + εt−i. (11)

We thus have two base models set out in this study. First, we test whether

news sentiment can explain changes in consumer expectations and sentiment,

as well as other variables, such as changes in personal income, interest rates

and in�ation. Second, we test how consumer expectations can explain changes

in private consumption. We further test whether news sentiment can explain

changes in private consumption as well, postulating that there might be a di-

rect link between news sentiment and consumption behavior, ignoring consumer

expectations and sentiment. And, whether other variables, such as personal in-

come, interest rates and in�ation, in�uence and drive consumption behavior of

private households.

1.3 Data

In this study, we introduce a new variable that quanti�es news sentiment from

the economics section of various newspapers in the US from 1995 to 2009 on a

quarterly basis. A sentiment algorithm is used for the analysis of over 300,000

newspaper articles from the Washington Post (WP), USA Today (UT), the

Houston Chronicle (HC), the New York Times (NYT), and the Wall Street
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Journal (WSJ). Table 1 shows the average daily circulation of each newspaper

and how many newspaper articles were examined for sentiment of each newspa-

per.3 A news sentiment index was then created from the two newspapers that

performed best in the models and that were the most comprehensive graphically:

the WP and UT.

The sentiment algorithm distinguishes between positive and negative senti-

ment of newspaper articles in binary format, namely {−1} for negative sentiment

and {1} for positive sentiment. The sentiment algorithm is based on a broad

and complex database of positive and negative words and phrases.4 Visual Basic

programs were written in order to ease the process of dealing with mass data.5

The sentiment algorithm scans each article (headline plus full body) and gives

an output �le with the respective sentiment rating of each individual article.

The article ratings were then aggregated on a quarterly basis.

Quarterly US private consumption data as well as consumer price index data

were obtained from the U.S. Department of Commerce Bureau of Economic

Analysis database.6 Long-term interest rates (10-year US-Treasury yields) were

obtained from the Federal Reserve Bank.7 The University of Michigan Con-

sumer Index data (monthly and quarterly) were downloaded from the Univer-

sity of Michigan and Thomson Reuters public access website.8 The ICS is con-

structed from answers to �ve questions relating to current economic conditions

of consumers as well as consumer expectations.9

3The examined newspapers were selected from the top ten list of daily average circulation
according to availability in the LexisNexis database.

4See Appendix A.1 for more information on the sentiment classi�er.
5See Appendix A.2 for more information on these programs.
6See http://www.bea.gov/, last accessed 15 April 2010.
7See Federal Reserve Bank, http://federalreserve.gov/releases/h15/data/Business_day/H15_TCMNOM_Y10.txt,

last accessed 5 June 2010.
8See http://www.sca.isr.umich.edu/, last accessed 8 June 2010.
9A detailed description of the calculation of the index and the individual questions can be

found on the homepage of the surveys of consumer from the University of Michigan and Thom-
son Reuters. See Index Calculations, http://www.sca.isr.umich.edu/documents.php?c=i, last
accessed 8 June 2010.
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2 Empirical Analysis

2.1 Modelling

We select the models according to the Box and Jenkins (1979) model selection

approach. We thus perform a graphical analysis �rst. In Fig. 2, we plot the

news sentiment index versus the University of Michigan Index of Consumer

Sentiment. The news sentiment index ranges between 0.5 and 0.7, indicating

that news are - in the period examined - too positive, since the scale is from

{−1} to {1}. The identi�cation of a positive bias in news sentiment is consistent

with the phenomena that Baron (2006) identi�ed in news media reportings,

although this is contrary to the general belief that �bad news sell.� We see that

the news sentiment index co-moves nicely with the ICS. Looking at the recent

�nancial crisis of 2008/09, a lagged co-movement becomes apparent. This is

in line with our theoretical assumptions from the previous section that news

sentiment should in�uence consumer expectations and sentiment slowly over

time. Figures 3 and 4 show changes in personal income and in�ation versus

the ICS. Again, the recent crisis of the past years becomes evident, in line with

the ICS. Figure 5 plots long-term interest rates and the ICS. As we can see, a

co-movement is also present. Figure 6 shows the ICS plotted against US private

consumption. A co-movement of the ICS and private consumption is somewhat

present, especially a co-movement during the recent crisis in 2008/09 stands out.

In Fig. 7, the news sentiment index shows some co-movement with changes in

private consumption. It shows the economic height in 2000 and the crisis that

followed the years after, and it anticipated the recent �nancial crisis. In Figs.

8 and 9, we plot in�ation and personal income versus private consumption. It

becomes evident, that these variables move in line with private consumption,

especially during the recent crisis. Long-term interest rates also show a similar

pattern as changes in consumption behavior in Fig. 10. Thus, according to a

�rst graphical analysis, all variables seem plausible to test in our models, as

theoretically laid out in the previous section.

The graphical interpretation shows that the variables taken into considera-

tion might be suited to explain consumer expectations and sentiment as well as

changes in private consumption. Nevertheless, we need to test whether these

variables hold statistically what they suggest graphically.

We �rst test each variable for unit roots with Augmented Dickey-Fuller
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(ADF) tests according to Dickey and Fuller (1979).10 We �nd that private

consumption and the ICS as well as interest rates, personal income and in�a-

tion have a unit root on the level, whereas the news sentiment index does not

have a unit root. To exclude the possibility of spurious regression results and

stationarity as Granger and Newbold (1974) noted, we use log di�erenced values

for the dependent variable private consumption and di�erenced values for the

ICS. For the independent variables, such as news sentiment and interest rates

we use level data, whereas for personal income and in�ation we use di�erenced

values.

We construct a base model that is based on simple autoregressive and moving

average models. As in Ang et al (2007), we use the Schwarz criterion (BIC)

to determine the order of the autoregression (AR) and moving average (MA)

processes. According to these criteria, the two base models have an ARMA

(4,1) structure:

4St = k + α1St−1 + α2St−2 + α4St−4 + θ1εt−1 + εt, (12)

4 log ct = k + α1ct−1 + α2ct−2 + α4ct−4 + θ1εt−1 + εt, (13)

where St refers to the ICS, ct refers to US private consumption, k is the constant

term, and εt represents the error term. As in Carroll et al (1994), we model the

error term, εt, with an MA-process because of time aggregation, as consumption

expectations and decisions are made continuously, whereas our data set consists

of quarterly data.

We then extend our base models by adding the other variables Zt from

equation (8) to equations (12) and (13).

4St = k + α1St−1 + α2St−2 + α4St−4 + γiZt−i + θ1εt−1 + εt, (14)

4 log ct = k + α1ct−1 + α2ct−2 + α4ct−4 + γiZt−i + θ1εt−1 + εt, (15)

where i equals the optimal lag length of the independent variable.11

Last, we test whether the ICS and the news sentiment index perform better

jointly than individually when attempting to explain changes in private con-

10See Appendix A.3 for the exact formulation of the ADF test.
11Table 2 shows the optimal lag length for these variables.
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sumption. This is in line with what Carroll et al (1994) examined and what we

have de�ned in equation (7) earlier. The equivalent model has an ARMA(4,1)

structure as well and is as follows:

4 log ct = k + α1ct−1 + α4ct−4 + γiZt−i + ρiSt−i + θ1εt−1 + εt. (16)

We test the ICS and private consumption against each variable individu-

ally and jointly, and apply the Theil Inequality Coe�cient for comparison, as

according to Theil (1958), as well as the Root Mean Squared Error (RMSE).12

2.2 Empirical Results

2.2.1 Explaining the University of Michigan Consumer Sentiment

Index

In all models, we derive heteroskedasticity consistent covariance matrices ac-

cording to White (1980).13 Since we utilize ARMA-models, we test for serial

correlation with the Breusch-Godfrey Serial Correlation Lagrange Multiplier

tests, according to Godfrey (1978) and Breusch and Pagan (1979). We �nd no

serial correlation in any of the models.

Table 3 shows the empirical results of all 7 regressions as in equations (12)

and (14) that explain the ICS. The base regression (1) is highly statistically

signi�cant and has an adjusted R-squared value of 0.14. In regressions (2) to (5),

we test each variable individually against the ICS. In none of these regressions,

except for regression (5), is the coe�cient statistically signi�cant. The adjusted

R-squared values range between 0.12 and 0.21. The signs of the coe�cients are

as expected: a rising consumer sentiment comes in line with more positive news

sentiment. The higher the income of a household, the better their sentiment. In

regression (4), we have a negative coe�cient sign, which means that if prices fall,

consumer are happier, which seems plausible. In regression (5), the case is not so

clear cut, although this coe�cient is the sole one being statistically signi�cant.

The higher long-term interest rates, the higher is consumer sentiment. This can

be explained with the assumption that consumers are more content when they

receive higher interest rates for their savings. Whether and how this a�ects

12See Appendix A.4 for the calculation of the Theil Inequality Coe�cient and the RMSE.
13See Appendix A.5 for the exact formulation of the White covariance matrix.
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their consumption behavior is examined later. In regression (6) of table 3,

we combine all three macroeconomic variables, namely personal income, the

consumer price index, and interest rates. The coe�cient of in�ation is signi�cant

at the 10%-level, and the coe�cient for interest rates is signi�cant at the 1%-

level. The adjusted R-squared value is slightly higher than that in the previous

regressions (0.23). Again, higher consumer sentiment can be explained with

higher personal income, falling prices and higher interest rates. In regression

(7), we add the news sentiment index variable to the variables from regression

(6). Interestingly, almost all variables are at least statistically signi�cant at the

5%-level, except personal income. The adjusted R-squared value jumps to 0.28,

while the RMSE decreases signi�cantly compared to the previous models. This

result suggests that, even though each variable is not statistically signi�cant

when tested individually against the ICS, the news sentiment index might be one

missing piece of the puzzle that brings the information of all variables together,

making them statistically signi�cant. We can thus conclude that changes in

consumer expectations and sentiment can best be explained by news sentiment,

changes in consumer prices as well as by changes in interest rates.

2.2.2 Explaining Private Consumption

In the next step, we want to explain changes in private consumption by con-

sumer expectations and sentiment (the ICS). Further, we want to test whether

any other macroeconomic variables show explanatory power, as described in

previous studies and laid out earlier. Since the main focus of this study is

on the relationship of news sentiment and consumer expectations and senti-

ment, we want to go one step further and also test whether there is a direct

in�uence between news sentiment and private consumption. Table 4 shows the

regression results. According to equation (13), regression (8) shows the esti-

mation results of the base model, with a statistically signi�cant coe�cient and

an adjusted R-squared value of 0.45. In regressions (9) to (13), we test each

explanatory variable individually against changes in private consumption. The

variables news sentiment, consumer prices, and the ICS are statistically signi�-

cant with adjusted R-squares between 0.44 and 0.58. According to the regression

results of (10), personal income is not statistically signi�cant, and neither are

interest rates. Results from regression (13) stand out with the ICS as indepen-

dent variable, as the regression coe�cient is highly statistically signi�cant at
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the 1%-level with an adjusted R-squared value of 0.58, and much lower RMSE

and Theil Inequality Coe�cient values. With regards to the coe�cient signs,

we have a similar picture for the variables than in the previous model when

we explained the ICS. Higher private consumption can be explained by higher

news sentiment, higher personal income, lower consumer prices, higher inter-

est rates, and higher consumer sentiment. Thus, we can say that consumer

expectations and sentiment can explain changes in private consumption best

when compared to news sentiment, personal income, consumer prices and inter-

est rates individually. In regression (14), we combine the three macroeconomic

variables, personal income, consumer prices and interest rates. Personal income

and consumer prices are statistically signi�cant, whereas the coe�cient of the

variable interest rates is not, which comes in with a negative coe�cient sign.

The negative sign is contrary to our previous �nding from regression (12). We

�rst add news sentiment and then the ICS to regression (14) in (15) and (16),

respectively. Comparing the R-squared values of the two regression with the

sentiment variables, it becomes obvious that the regression with the ICS (16)

has a much higher explanatory power (0.63) than regression (15) with news sen-

timent (0.53). Again, all explanatory variables are statistically signi�cant in the

two regressions except interest rates. Also, the coe�cient sign changes in the

two regressions, suggesting that long-term interest rates might not be suited to

explain changes in private consumption. Last but not least, we test what we set

out in equation (16) previously. In regression (17), we thus exclude long-term

interest rates and include both sentiment variables. We achieve the highest R-

squared value of 0.65 with the lowest RMSE and Theil Inequality coe�cients.

All coe�cient are statistically signi�cant with only personal income not being

statistically signi�cant.

Comparing the empirical results in the models with private consumption, we

can conclude that the ICS is a much better explanatory variable than news sen-

timent when combined with macroeconomic variables, such as personal income

and consumer prices. Higher private consumption can thus be explained by ris-

ing personal income of households, lower consumer prices and higher consumer

sentiment and expectations as well as higher news sentiment.
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3 Conclusion

Although media coverage has become extremely important in the past decades,

the e�ects of sentiment published in newspaper articles on private consumers

have been barely explored in the literature. We introduce a novel data set and

procedure by creating a news sentiment index with positive and negative senti-

ment from over 300,000 newspaper articles of the economics section of some of

the most widely-read newspapers in the US from 1995 to 2009, using proprietary

tools and a new text mining approach.

We examine empirically the connection and impact of news sentiment on

consumer expectations and sentiment, postulating that consumers should form

their expectations and sentiment partly based on the news they read, which in

turn should ultimately a�ect their consumption behavior. In accordance with

previous research of Breeden (1986), Campbell and Mankiw (1989, 1990, 1991),

and Carroll et al (1994), we test other macroeconomic variables such as per-

sonal income, in�ation, and interest rates, and how they perform in explaining

consumer sentiment as well as behavior.

We �nd that a statistically signi�cant relationship exists between a combi-

nation of news sentiment, changes in personal income and consumer prices, and

consumer sentiment and expectations. In our ARMA(4,1)-model, a high level of

news sentiment, higher personal income, lower consumer prices and higher in-

terest rates explain higher consumer sentiment. Personal income, it seems, does

not have the same in�uence as news sentiment, consumer prices and interest

rates on consumer sentiment and expectations, when considering the statistical

signi�cance of the coe�cients. Consumption behavior can best be explained

with a model that comprises news and consumer sentiment, personal income

and consumer prices. Higher news and consumer sentiment, higher personal

income and lower consumer prices increases consumption behavior in the US.

Considered individually, consumer sentiment is the most accurate variable to

explain private consumption. Interest rates do not seem to have a signi�cant

impact on consumption behavior. When combined with personal income, in-

�ation and interest rates, it becomes evident that the University of Michigan

Index of Consumer Sentiment is much better suited than the news sentiment

index when explaining changes in private consumption. This �nding is in line

with our hypothesis that consumer expectations are in�uenced by news, but

form only slowly over time, ultimately in�uencing the consumption behavior of

a household. The causality chain laid out in Fig. 1 is thus con�rmed.
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We conclude that this �rst long-term analysis of news sentiment leaves room

for future research in order to specify and improve the methods for explaining

consumer sentiment and in turn private consumption that are based on news

sentiment as well as other variables that a�ect the ordinary consumer.
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Appendix

A.1

The sentiment algorithm is based on one of the most popular classi�ers used in

machine learning science: the Naive Bayes classi�er. The sentiment algorithm

java program was obtained from a free web-based sentiment algorithm provider

and is tested for accuracy in this study.14 According to Friedman et al (1997),

this classi�er learns the conditional probability of each attribute ai, given its

class label c, from training data. The sentiment algorithm was trained to dis-

tinguish between positive and negative sentiment from a pre-de�ned database

of positive and negative words and phrases. The classi�cation is then done by

applying Bayes rule to compute the probability of c given the particular instance

of a1, . . . , ai, and then predicting the class with the highest posterior probabil-

ity. This means that the computation is rendered feasible by making a strong

independence assumption: all the attributes ai are conditionally independent

given the value of the class c. By independence, Friedman et al (1997) further

note, probabilistic independence is meant, that is, a is independent of b given c

whenever Pr (a | b, c) = Pr (a | c) for all possible values of a, b, and c, whenever
Pr (c) > 0. This means that in each article, every word and a combination of

phrases is checked against the sentiment algorithm and classi�ed as either pos-

itive or negative. The sentiment score is then obtained by applying Bayes' rule

to the classi�cations that were obtained for each article individually, so that the

output of either positive or negative is generated for each single article.

Lewis (1998) discusses the Naive Bayes approach in historical context by

concluding that the algorithm is experiencing a renaissance owing to its broad

range of usability. In an empirical study, Rish (2001) concludes that the Naive

Bayes classi�er is very e�ective in practice, even though its probability estimates

are in theory less accurate than other classi�ers. Hand et al (2001) make the

case for the Naive Bayes algorithm because of its intrinsic simplicity, which

means low variance in the probability estimates and thus greater estimation

accuracy. Kotsiantis and Pintelas (2004) show that Naive Bayes is the most

�exible learning method. Its accuracy can be boosted over most methods in less

time for training.

14See http://www.jane16.com, last accessed 20 September 2009.

18



A.2

The Visual Basic Programs were written in order to handle the vast amount

of articles and process them into a suitable format for the java program that

features the sentiment algorithm.When downloading the articles from the Lex-

isNexis database, the articles of one day are summarized in one text �le. The

�rst program was written to cut the articles into separate text �les in order

to format them for the java program that runs the sentiment analysis. The

output log-�le from the java program was then formatted and coded into {−1}
for negative sentiment and {1} for positive sentiment. Neutral values are not

coded by the algorithm in order to avoid ambiguity. The daily sentiment data

were then aggregated to quarterly values.

A.3

In this paper, the Augmented Dickey-Fuller Unit Root Test is utilized because

the model follows a higher order AR-process. Take the following equation

4yt = α0 + γyt−1 +

p∑
i=2

βi4yt−i+1 + εt,

where γ = −
(

1−
p∑

i=1

ai

)
and βi = −

p∑
j=1

aj . The Null hypothesis tests whether

γ = 0, and if so, the equation is entirely in �rst di�erences and so has a unit

root. If γ 6= 0, then the equation does not have a unit root.

A.4

The Theil Inequality Coe�cient is calculated as follows:√
T+h∑

t=T+1

(ŷt − yt)2 /h√
T+h∑

t=T+1

ŷ2t /h+

√
T+h∑

t=T+1

y2t /h

where the forecast sample is j = T + 1, T + 2, . . . , T + h, and the actual and

forecasted value in period t is yt and ŷt, respectively.

The Root Mean Squared Error (RMSE) is calculated as follows:
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√√√√ T+h∑
t=T+1

(ŷt − yt)2 /h.

A.5

The White covariance matrix as in White (1980) is given by:

∑̂
W

=
T

T − k

(
X

′
X
)−1 T∑

t=1

u2txtx
′

t

(X ′
X
)−1

,

where T is the number of observations, k is the number of regressors, X is the

variable matrix, and ut is the least squares residual.
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Fig. 2 
News Sentiment Index and University of Michigan Index 

 

.52

.56

.60

.64

.68

.72

40

60

80

100

120

1996 1998 2000 2002 2004 2006 2008

UMICH_ICS INDEX1

 
 
 
 
 
 
 
 
 

Fig. 3 
Personal Income (differenced) and University of Michigan Index 
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Fig. 4 
Consumer Price Index (differenced) and University of Michigan Index 
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Fig. 5 
Long-term interest rates (10-year US-Treasuries) and University of Michigan Index 
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Fig. 6 

University of Michigan Index and Private Consumption (log differenced) 
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Fig. 7 
News Sentiment Index and Private Consumption (log differenced) 

 

.52

.56

.60

.64

.68

.72

-.010

-.005

.000

.005

.010

.015

.020

1996 1998 2000 2002 2004 2006 2008

DLOG(PRIVCONS) INDEX1

 



 
 

Fig. 8 
Consumer Price Index (differenced) and Private Consumption (log differenced) 
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Fig. 9 
Personal Income (differenced) and Private Consumption (log differenced) 
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Fig. 10 
Long-term interest rates (10-year US-Treasuries) and Private Consumption (log 

differenced) 
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Table 1

Newspaper Statistics

Number of articles examined for 
sentiment Average Daily Circulation*

1995 - 2009

USA Today 28'832 1,826,622

Washington Post 74'206 604'650

Houston Chronicle 30'919 494'131

New York Times 114'454 951'063

Wall Street Journal - Abstracts 74'420 2'092'523

Total 322'831

* Source: Audit Bureau of Circulation Survey 31/3/2010, (http://abcas3.accessabc.com/ecirc/newstitlesearchus.asp), last accessed 9 June 2010.

Table 2

Lag Length Selection Test

Optimal lag length

according to Schwarz info criterion in 
ARMA(4,1) model with private consumption 

as dependent variable

News Sentiment Index 0

Consumer Price Index 1

Personal Income 0

Long-Term Interest Rates (10-year US Treasuries) 0

University of Michigan Index of Consumer Sentiment 0
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