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Abstract

We propose news sentiment as a new explanatory variable for interest rates. Using

articles related to interest rates, inflation, and the labor market we demonstrate the

in-sample predictive power of sentiment on the short-rate applying the Taylor rule and

a threshold autoregressive model. This predictive ability holds also after controlling

for professionals’ and consumers’ expectations. Furthermore, we examine the dynamic

interaction between sentiment and the yield curve using models from the Nelson-Siegel

family. We find statistically significant effects of sentiment on yields and a contribution

to out-of-sample forecast performance for different maturities.
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1 Introduction

The perception that asset prices and business cycles are driven by expectations which do not

necessarily stem from rational probabilistic calculation, is nothing new. In his publication,

Keynes (1936) states that human beings’ “innate urge to activity and rational selves,” which

is influenced by “motive on whim, sentiment or chance,” makes the “(economic) wheels go

round.” The challenge to model what Keynes (1936) called “animal spirits” (irrational human

behavior) has bothered scholars for a large part of the last century. Because of this gap, this

topic has often been ignored by economic models, which assume rational expectations.

Thanks to strong developments in data analysis economists have better tools to incorpo-

rate sentiment on the top of professionals’ and consumers’ expectations into their theoretical

and empirical approaches. Consequently, various papers have been published which analyze

the relation between financial markets and sentiment. However, research on sentiment in

the fixed income market has stayed mostly untouched over the last few years. This gap on

sentiment analysis related to financial markets is somewhat surprising considering the overall

value within the fixed income market, its high spillover effects on the real economy, and the

large exposure that governments, corporations, financial institutions, and other organizations

have to interest rates.

Using a term-structure model combined with sentiment data on different macroeconomic

indicators this paper aims to help closing this gap. Our contribution is three-fold: First, we

motivate a simple linear model based on the Taylor rule, in which we add sentiment related

to interest rates, inflation and unemployment rate as explanatory variables. Second, we

extend this linear model to account for non-linearities in the form of sentiment-based regime-
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switches. Third, we extrapolate the analysis to the yield curve by assuming a term structure

model of the Nelson-Siegel family and present the benefits of allowing for interactions between

sentiment and yield curve factors.

The empirical results strongly favor the inclusion of sentiment in the short rate process.

Information Criteria confirm the improvement of the simple Taylor rule when adding interest

rate sentiment. Furthermore, we show that this significance is maintained after controlling for

professionals’ and consumers’ expectations, implying that the predictive ability of sentiment

goes beyond them.

Several studies have confirmed that the short rate dynamics is subject to different regimes

(see, for example, Hamilton, 1988). In order to exploit this stylized fact a Threshold Au-

toregressive Process (TAR) model is included. We are able to pin down two regimes which

are characterized by very high and middle-to low sentiment scores. Figure 1 shows the path

of the 3-month treasury yield for the two different regimes. To better relate the state of

the economy and the sentiment regimes we also include the periods of economic contraction

according to the National Bureau of Economic Research (NBER).

Figure 1 exhibits a total of three big switches to regime 1, all of which happened before

the start of an economic contraction.1 The fact that the first and the second regimes preceded

the start of the recession by 4 months, whereas the third switched 9 months before, might

indicate that regimes based on sentiment could have a predictive power over economic crisis.

Yet, while at the beginning of 2002 there was a switch back to regime 2 only after the end of

the crisis, in the Great Recession there was a switch back to regime 2 13 months before the

crisis was over. A brief recovery of the short rate in the beginning of 2008 might have caused

1We define a big switch as a switch to regime 1 that lasts for longer than one quarter.
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a precipitated adjustment in beliefs. Finally, we noticed that the last switch happened before

the COVID-19 pandemic, implying that investors perceived a decrease in the short rate even

before the exogenous shock of the pandemic.

Although the analysis is not an out-of-sample exercise, it indicates the possible use of this

approach as an early warning signal for the start of a contraction period.2

Figure 1: Historical Interest Rates under two Regimes
The figure shows the development of the monthly U.S. 3-month treasury yield observed from January 2000
to May 2020. The regimes are divided by an interest rate sentiment score of 0.65. The red shaded part
shows the periods in which the regime with higher sentiment score prevailed. The gray shaded part shows
the regime with lower sentiment score. The dashed blue lines illustrate the periods of economic contractions
according to NBER, which are indicated above the graph.

To extend the analysis to the yield curve in slightly different theoretical frameworks,

we choose to work with two different models of the Nelson-Siegel Family. The first one

is the model motivated by Diebold et al. (2006) which accounts for interactions between

macroeconomic variables and yield curve factors. We will substitute their macroeconomic

variables by our sentiment scores. The second one embeds two extensions of the previous

one: First, the model uses a fourth yield curve factor, giving more flexibility to the shape of

2Due to the small number of recession periods in our sample, we prefer to leave a rolling-window analysis for
future research.
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the curve modeled. Second, we consider the model in a no-arbitrage framework.

The statistical results strongly favor interactions between sentiment variables and yield

curve factors. Using impulse response functions we find that shocks on interest rate sentiment

have a statistically significant effect on the short end of the yield curve, which persists over

several periods, and an immediate effect on the slope. Furthermore, we show that an increase

in interest rate and inflation sentiment is associated with increasing risk premia, whereas

unemployment sentiment has the opposite effect. All effects decrease with maturity, leading

to the conclusion that sentiment acts in similar fashion to a slope factor on the risk premium.

Finally, we demonstrate the predictive power of sentiment with a out-of-sample forecast. Our

findings are mixed: when considering the Nelson-Siegel without extensions, the RandomWalk

shows better performance than every other model. Yet, the two extensions tend to improve

the contribution of sentiment to the forecasting of the yield curve, especially in the short end

of the curve. In total, the inclusion of the two-regime sentiment model decreases the 1-month

horizon Root Mean Square Error on average by around 2% relative to a Random Walk, 3%

to the AR(1) model and 10% to models using solely macroeconomic data and consumers’

expectations.3

2 Literature Review

In the last years several scholars have devoted their research to the development of methods

and models to extract sentiment data from raw text and use them in econometric analysis.

3Though the improvement relative to the Random Walk might sound low, notice that the Random Walk
performs on average better than several models including the Nelson-Siegel, which is regarded as a good
forecasting model. Diebold and Rudebusch (2013, p. 47) confirm that at least for short horizons the
Nelson-Siegel fares worse than the Random Walk.
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See, for example, Algaba et al. (2020) and Renault (2020) for a survey of advancements in

this field. Based on these methods, a large and growing number of published studies have

aimed to explain and forecast asset price movements in the equity market using sentiment;

see, among many others, Antweiler and Frank (2004), Tetlock et al. (2008), Bollen et al.

(2011) and Heston and Sinha (2017).

In contrast, the literature relating sentiment and the behavior of interest rates is not so

vast. Some papers relate different measures of sentiment to central bank communication.

One prominent example is Lucca and Trebbi (2009), who investigate the effects of sentiment

extracted from FOMC statements on interest rates and find that long-term treasury yields

mainly react to changes in policy communication.

A big focus of sentiment extracted from non-central banking mediums and the bond mar-

ket has been bond spreads. For example, Erlwein-Sayer (2017) provides an empirical study on

the effects of news sentiment on European sovereign yield spreads. Likewise, Spyrou (2013)

examines the effects of investors’ sentiment on yield spreads during the Great Recession. Fi-

nally, Nayak (2010) explores the impact of investor sentiment on corporate bond spreads and

finds that sentiment has a substantial impact on corporate bond spreads and “mispricings

and systematic reversal trends are very similar to those for stocks.”

With regard to the interaction of macroeconomic based sentiment and interest rates, stud-

ies have mainly focused on the effects of macroeconomic data releases. For example, Mitra and

Mitra (2011) study the impact of information releases on market level uncertainty on interest

rates and foreign exchange futures markets. Similarly, Edison (1997) shows the explanatory

power of inflation- and employment-related releases for Treasury yields and Goldberg and

Leonard (2003) find that the largest moves in yields are associated with U.S. announcements
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on labor market conditions, real GDP growth, and consumer sentiment.

With respect to the term structure of interest rates, Wright (2014) reports evidence that

the yield curve is sensitive to changes in inflation uncertainty, as seen in the context of

current central bank monetary policy frameworks. Also, Goldberg and Grisse (2013) use

high-frequency data to identify that responses of U.S. Treasury yield to economic data is

time-varying. Finally, Gotthelf and Uhl (2019) show that sentiment data help to explain and

predict yield curve factors. They reveal sentiment as a new yield curve factor, apart from

level, slope, and curvature, and claim that it affects the yields in the opposite direction than

the slope factor.

This paper is also related to the literature devoted to term structure models, specially to

studies on the Nelson-Siegel family. We chose to work with Nelson-Siegel models, because the

popular affine models are avoided as a forecasting tool due to their troublesome estimations.

Diebold and Li (2006) claim that the Nelson-Siegel models are much more appealing for

this task. Recently, studies such as Diebold et al. (2006), Christensen et al. (2011) and

Li et al. (2011) have improved the economic interpretability of the Nelson-Siegel models,

something regarded as a big drawback. Finally, Nyholm (2018) derived the Arbitrage-free

Short Rate based Model (AFSR) to match the coefficients of Söderlind and Svensson (1997)

model, which is an extension of the Nelson-Siegel model that accounts for a second curvature

factor and thus gives more flexibility to the shape of the curve. Yet, the AFSR has an

advantage in the sense that it includes one shape parameter rather than two and thus avoids

the multicollinearity problem that can arise (see, for example, Pooter, 2007, p. 10).
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3 Data and Stylized facts

3.1 Measuring News Sentiment

To measure sentiment we use the sentiment score global macro dataset provided by Raven-

Pack News Analytics. RavenPack classifies news articles using multiple sophisticated senti-

ment detection algorithms, which output data in the form of numerical news scores. There is

strong empirical evidence that RavenPack News Analytics has explanatory and predicative

power in market direction, volume, and volatility (see RavenPack News Analytics [RPNA],

2020). Furthermore, their sentiment scores have been shown to add value to forecasting Ger-

man Bund yields, different European sovereign spreads and CDS spreads (see Erlwein-Sayer

2017, Erlwein-Sayer 2018 and Yang et al. 2020).

The output chosen to reflect sentiment is the Event Sentiment Scores (ESS), which varies

between 0 and 49 for negative sentiment and 51 and 100 for positive. 50 indicates neutrality

of the news. The ESS is created by the RavenPack’s News Analytics Algorithm which applies

NLP methods to news published by Dow Jones Newswires, Wall Street Journal, Barron’s, and

Market Watch. This algorithm was built using scores derived from a collection of surveys in

which finance and economics professionals rated entity-specific events as conveying positive

or negative sentiment (see Credit Suisse, 2021). The strength of ESS is further influenced by

other factors such as the polarity of words used by the author to describe the event.

Studies in macro-finance agree on the fact that macroeconomic variables such as unem-

ployment and inflation are related to the short rate. Based on that we use news sentiment

on inflation and unemployment rate. Apart from that, a plausible choice of an additional

underlying factor is the interest rate itself. While we would expect an indirect effect of infla-
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tion and unemployment sentiment on interest rates, sentiment on interest rates itself should

contain information related directly to current and future interest rates.

To construct the sentiment variable, we first extract the article-based ESS related to each

macroeconomic variable using the keywords presented in Table 1. We aggregate the ESS

scores by taking the mean of all articles in a given month for each of the macroeconomic

variables. Formally, our sentiment score measure is given by:

Sh(t) =
1

N

N∑
j=1

ESS(kj,h)1{Month(kj,h)=t}, for h = i, π, u,

where kj,h represents one news item about h, and i, π, and u denote interest rates, inflation

and unemployment rate, respectively. N is the total number of observed articles in a month,

and t refers to the observed month.

Interest Rates Inflation Unemployment Rate

Keywords interest-rate, treasury-bill (-note, -bond) inflation, deflation unemployment, employment

sovereign-debt, government-budget consumer-price-index jobless-claims, non-farm payrolls

Number of News 26,759 9,911 16,831

Mean 50.03 42.06 55.99
Std. Deviation 10.67 7.20 10.88
Skewness 0.32 0.24 −0.60
Kurtosis 3.29 3.73 3.37
ACF(1) 0.68 0.18 0.48

Table 1: Attributes and Summary Statistics for Sentiment Variables
The table shows the attributes and summary statistics for the selected sentiment variables from January
2000 to May 2020. Each column represents the sentiment on the underlying macroeconomic variables, i.e.
interest rates, inflation rate, and unemployment rate. The first row shows the keywords used to extract the
sentiment variables. All possible extensions of the keywords, such as “sovereign-debt-guidance” or “inflation-
above-expectations,” were also included.

Details on the key-words and descriptive statistics of the sentiment variables are provided

in Table 1. The distribution of sentiment differs depending on the underlying variable. For

example, the sentiment on inflation has a lower serial correlation than the interest rates
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and unemployment. Interest rates and inflation are positively-skewed, and unemployment is

negatively-skewed. Also, the inflation mean is less than 50, i.e. on average, the news articles

are rated as negative.

One of the challenges of NLP methods is the fact that computers cannot process all

nuances of texts neither they can interpret the emotions behind them. This is a further

advantage of Ravepack, as they construct their sentiment scores based on collections of

surveys to the market participants. In fact, sentiment scores computed by Ravenpack are

derived from actual sentiment of a sample of the markets participants themselves. Hence,

it is plausible to assume that Ravenpack sentiment scores are more accurate than sentiment

created by other methods using solely text analysis, which is a common approach in the

economics literature (see, for example, Gentzkow et al., 2019).

To demonstrate the quality of Ravenpack sentiment, we provide some illustrative exam-

ples. Table 2 provides six examples of Dowjones Newswires articles scored by Ravenpack.

Furthermore, for illustration purposes, we also compute sentiment scores using three of the

most popular lexicons in the economics literature: Loughran-McDonald (LM), psychological

Harvard-IV dictionary (GI) and Hu and Liu (HL) (see, for example, Gentzkow et al. (2019)).

The quality of Ravenpack sentiment is visible in these examples, as the scores’ signs are

in line with a human sentiment classification for all articles. In contrast, each dictionary

estimates the polarity of the articles wrongly at least once.

These examples also highlight the fact that interest rate sentiment is mainly associated

with the Fed’s decisions. Yet, given our choice of key-words, this is not exclusively the case. It

could be also related to fiscal policy. Moreover, the examples show that sentiment scores can

be related to subjective opinions, as in the third article, or to objective data and information
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releases, as in the fourth article.

Headline Ravenpack LM GI HL

Fed’s Mester: Fed Will Need To Raise Rates Three Times In 2018, 2019 −0.78 0.000 −0.016 −0.005

Federal Reserve Will Make Interest Rate Cut - Economists 0.78 −0.022 0.000 0.004

Fed’s Quarles Says Low U.S. Inflation Readings Are Not A ’great Concern’ 0.74 −0.007 −0.021 0.007

MARKET TALK: US PPI Jumps 1.8% In Nov −0.6 0.000 −0.011 0.000

Fed’s Kaplan: Texas Unemployment Lowest Since ’70s 0.82 −0.0272 0.009 0.000

DATA SNAP: US Jobless Rate Rises For 1st Time Since Dec −0.82 −0.025 −0.016 −0.002

Table 2: Example of Sentiment Scores by Ravenpack vs. Dictionary Approach
The table shows the headlines of three news articles scored by Ravenpack, one for each type of sentiment
considered. It shows next to Ravenpack three sentiment values computed using different lexicons: Column
2 uses Loughran-McDonald, column 3 the psychological Harvard-IV dictionary and column 4 Hu and Liu.
ESS is normalized to range between −1 and 1 so it can be comparable to the other sentiment scores. The
full articles are provided in Appendix B.2.

3.2 Relation to Macroeconomic data

Since the current state of the economy contributes to the creation of future beliefs, it is

important to analyze the relation of sentiment and their underlying state variables. The first

column of Figure 2 shows the historical path of the standardized values of the macroeconomic

variables and the sentiment data.4

There is a visible negative co-movement of interest rate sentiment and the change of in-

terest rate, indicating that positive news is related to falling interest rates. For instance, in

the pre-crisis period surrounding 2007, a rise in sentiment seems to have caught up with the

hopes of decreasing interest rates, which took time to occur, and when it did, it was charac-

terized by higher volatility. Also, in 2014 the negative sentiment started to prevail, whereas

the short rate continued in the lower bounds. This can be seen as a possible prediction of

an increase in rates that followed one year later. Unemployment rate growth seems to have

4We chose to work with the 3-month treasury yield extracted from the St. Louis Fed database. Personal
Consumption Expenditures Excluding Food and Energy was used to compute annual inflation and was also
downloaded from the St. Louis Fed database. Finally, unemployment rate data were obtained from the
Bureau of Labor Statistics database and transformed into yearly log-growth of unemployment rate.
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a negative relation to sentiment as well, which decreased during the financial crisis and the

coronavirus pandemic.
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Figure 2: Macroeconomic vs. Sentiment Variables
This figure shows different variables related to interest rates, inflation and unemployment in blue superim-
posed by our sentiment measures in yellow. All time series are standardized. The first column displays the
historical relationship between change in interest rates, inflation rate, and unemployment rate growth and
their respective sentiment counterparts. The second column indicate the historical development of the ex-
pectations of the three aforementioned variables and the third the yield curve factors which should be related
to them. The data cover the period from January 2000 to May 2020. For illustrative purposes we smoothed
the sentiment using a Kalman smoother.

We finish the analysis examining the lead-lag relationship between the macroeconomic

variables and the corresponding news sentiment series. Table 3 shows how the correlation

changes when leading and lagging the sentiment variables. For the purpose of the paper, we

are mainly interested in the lag effects of sentiment on the corresponding underlying macro

variable. There is a clear negative effect of sentiment interest rates on interest rate changes,
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a slightly positive effect from sentiment unemployment and almost no effect from inflation.

Similarly, we find relatively strong effects of interest rate and unemployment sentiment on

unemployment rate. These results show that news sentiment is generally linked to the under-

lying variables and contains useful information about their future development, a fact which

motivates the Sentiment Taylor rule and the yield curve model which will be presented in

the next section.

Si,t Sπ,t Su,t Si,t+1 Sπ,t+1 Su,t+1 Si,t−1 Sπ,t−1 Su,t−1

∆it −0.54 0.05 0.22 −0.64 0.03 0.22 −0.46 0.08 0.13
πt −0.06 0.05 0.004 −0.03 0.03 0.01 −0.06 −0.01 0.01
ut 0.40 −0.10 −0.43 0.36 −0.11 −0.41 0.43 −0.08 −0.43

Table 3: Lead-lag Analysis
The table shows the correlation of the macroeconomic variables and three sentiment variables contempora-
neously, lead one period and lagged one period. ∆i, π and u denote the first difference in short rate, inflation
and unemployment growth, respectively. Si, Sπ and Su indicate the sentiment on each macroeconomic vari-
able. The data cover the period from January 2000 to May 2020.

3.3 Relation to Expectations

In this section we examine the question of whether sentiment and expectations are related.

In fact, a more feasible question would be whether both measures are different at all, since

expectations are usually measured in form of surveys as well. Yet, Ravenpack questions

market participants on current news and how these news are perceived given the current

economic environment, whereas forecast surveys mostly ask explicitly for an estimate of

future state variables.

Generally, we expect both measures to be related. On the one hand, if sentiment indeed

helps forecasting the state variables and if participants of the expectation surveys update their

forecast using similar sources as Ravenpack, there could be a strong correlation between both

13



measures. On the other hand, it might be that conditioning directly on perceived news might

yield valuable information which is not considered in the human forecasts.

To proxy expectations we choose to use the three-month-ahead forecasts to expected

median treasury bill, CPI inflation and unemployment rate by the Survey of Professional

Forecasters. Moreover, the analysis in this section is done on a quarterly basis due to the

availability of the expectations data. Like the monthly sentiment, we aggregate the single

sentiment scores by their average within a quarter.

∆it πt ut Si,t Sπ,t Su,t

∆iet 0.48 0.19 −0.59 −0.61 0.36 0.30
πe
t −0.11 0.42 −0.59 0.06 −0.11 0.10

uet 0.16 −0.37 0.12 0.12 −0.10 −0.09

Table 4: Correlation with Expectation
The table shows the correlation of the macroeconomic and sentiment variables with their expectations. ∆i,
π and u denote the first difference in short rate, inflation and unemployment growth, respectively. Si, Sπ

and Su denote the sentiment on each macroeconomic variable. The superscript e indicates expectations. The
data cover the period from January 2000 to May 2020.

The second column of Figure 2 shows the sentiment measures against the expectations

of their underlying variables. The three-month-ahead forecast follows a similar path as the

interest rate itself, and is thus negatively correlated with the interest rate sentiment. It falls

abruptly in the beginning of the 2000s and during the great recession. A visual conclusion

with respect to inflation and unemployment measures is more difficult, as the series are more

noisy, although it is visible that the unemployment rate measures trend in opposite directions

in the pos-crisis period.

Finally, Table 4 shows the correlations between the current and sentiment variables and

their expectations. It confirms the strong negative correlation of sentiment and expectations

on interest rates. Conversely, the correlations of inflation and unemployment sentiment are
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not very strong.

3.4 Relation to Yield Curve

We use yield curve factors made available on the Fed homepage by Sack et al. (2006) and

convert them to yields going from 3-, 12-, 24-, 36-, 48-, 60-, 72-, 84-, 96-, 108- and 120-

months maturities. Since our sample goes from 2000 to 2020, there are some considerations

worth making about the yield curve in this period. Relative to last century, the new period

is characterized by lower yields, with an average yields level mostly below 6%. The Fed’s

response to shocks in the economy seems to be more aggressive than in the last century,

something that can be seen with the series of steps to ease in the periods 2000-2001, 2007-

2008 and 2019-2020. Furthermore, forward guidance played a much bigger role than in last

century. This is because the Fed introduced it as a communication instrument in 2003, but

also because of the zero lower bound (ZLB) (see, for example, Eijffinger et al., 2018, p. 60).

This fact speaks in favor of sentiment affecting the yield curve. Finally, the yield curve

inverted before all three recessions captured by this time period. During and following the

recessions the yield curve tended to steepen again. These movements are very well captured

by the Nelson-Siegel family of models, as shown in the next section.

Another notable difference in the new period is the fact that the short rate was constrained

by the ZLB for several years. While the ZLB does in fact constrain the Fed in moving the

target rate, the Fed did still affect yields through expectations using forward guidance (see,

for example, Gürkaynak et al., 2005). Still, this could be a problem for models in which

sentiment only enters in the short rate. We do not give much importance to this issue, as

we are able to capture a significant effect of sentiment on the short rate without controlling
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for the ZLB. Thus, we opt for evaluating the model in a general fashion and leave the use of

models considering the ZLB for future research.5

All in all, the stylized facts observed in the last century and which were the basis for

the creation of interest rates models, i.e. high persistence, strong cross-correlations, positive

slope and concave shape, hold within the new time period as well.6

As the level factor of the yield curve is considered a long-term yield factor, economic

theory suggests that it should be linked to expected inflation. Therefore, a relation between

the level factor and sentiment inflation could be expected. Moreover, the slope of the yield

curve is associated with real activity and the curvature with the short rate (see, for example,

Zhu and Rahman (2015)).

The third column of Figure 2 plots the three yield curve factors derived from the dynamic

Nelson-Siegel Model (DNS) together with the sentiment variables. There seems to exist a

negative co-movement between interest rate sentiment and the curvature factor. Their cor-

relation is around −0.38. In addition, there exist correlations of −0.45 between inflation

sentiment and the level and −0.22 between unemployment sentiment and the slope. These

results are in line with previous studies, which find similar behavior of the underlying macroe-

conomic variables and the yield curve factors (see, for example, Zhu and Rahman, 2015).

5A possible candidate to extend our model would be the shadow-rate model in the manner of Christensen
and Rudebusch (2015).

6See, for example, Diebold and Li (2006) for an analysis of the yield curve stylized facts with a sample
starting in the 1980s.
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4 Models and estimation methodologies

4.1 Short Rate

One of the best-known empirical rules linking the short rate with macroeconomic variables is

the Taylor rule. The rule specifies that the short rate reacts to two key variables: deviations

of contemporaneous inflation from an inflation target and deviations of the unemployment

rate from its natural level. The work by Clarida et al. (2000) extends the Taylor rule in a

forward-looking fashion, allowing for expectations of future inflation and unemployment rate

values. As pointed out by Ang and Piazzesi (2003, p. 754), this implies that any variable

that forecasts inflation or output will enter the right-hand side of the equation. Commonly,

a lagged nominal interest rate is included, which represents the gradual fashion in which

central banks adjust interest rates, as well as an intercept which entails the unidentified real

rate target and the inflation target (see, for example, Clarida et al. (2000)).

A simple way is to incorporate sentiment in the Taylor rule is to assume that the expected

inflation and unemployment gap are determined by a weighted average of its current and

sentiment value. In addition, we include interest rates sentiment in the Taylor rule as well.

This is plausible in the sense that lagged sentiment captures information about how investors

perceived the latest announcements and public statements by Fed. These announcements

partly reveal the future path of interest rates. Under these assumptions we derive our baseline

model, which we refer to as Sentiment Taylor rule:

it+1 = α + ρit + δ1πt + δ2ut + θ1Si,t + θ2Sπ,t + θ3Su,t + ϵt+1. (1)
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it denotes the interest rate, πt the inflation rate, ut the unemployment gap and St the

sentiment on each macroeconomic variable.

Although this motivation of the Sentiment Taylor rule is appealing, it assumes that sen-

timent is a proxy of expectations. A more plausible assumption, however, would be that

sentiment entails information about the future which goes beyond the expectations of eco-

nomic agents. To analyze that we substitute current inflation and unemployment by its

respective expectations measures presented in Section 3.3. Nevertheless, as previously men-

tioned, this analysis will possibly lose valuable information because the data is available on a

quarterly basis only. For this reason, we run a third set of regressions adding the University

of Michigan Consumer Sentiment Index as a further explanatory variable, which is meant to

control for expectations while still maintaining our monthly sample frequency.

4.2 Regime-switching model

Several papers have recognized the problem of the unit root or near unit roots in the short

rate process, i.e. the possibility that the autoregressive coefficient is close to unity in an

autoregressive model. This is a big issue that needs to be taken into account, since it

can break down the assumption of stationarity of the short rate process (see, for example,

Hamilton, 1988). As a possible solution, some studies proposed relating the unit root problem

to a structural break by assuming, for instance, the Markov-Switching model, the TAR or

some variation thereof. A few of these works are listed in Audrino (2006). They mainly

construct different regimes based on variables reflecting present information. Yet, thanks

to the availability of sentiment variables, we can examine whether different regimes stem

from how investors perceive the current and future states. The TAR model is given by the
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following equation, where c is the threshold separating the two regimes:

it+1 = (α1 + ρ1it + δ11πt + δ12ut + θ11Si,t + θ12Sπ,t + θ13Su,t)It

+ (α2 + ρ2it + δ21πt + δ22ut + θ21Si,t + θ22Sπ,t + θ23Su,t)(1− It) + ϵt+1,

(2)

where

It =


1, if Si,t > c

0, if Si,t ≤ c.

To estimate the optimal threshold, we run a grid-search, whereby the highest and lowest

15% of the values in the sample are excluded to avoid an extremely small sample size, as

suggested by Enders (2015, p. 428).

4.3 Term Structure Models

4.3.1 Dynamic Nelson-Siegel Model

The curve-fitting technique first described by Nelson and Siegel (1985) has since been applied

and modified by other authors, which is why it is sometimes described as a family or a class

of curve models. As claimed by Diebold and Rudebusch (2013, p. 48), the Nelson-Siegel

model is used by several financial market practitioners and central banks, including the

Board of Governors of the U.S. Federal Reserve System and the ECB. Among other reasons,

the model is popular due to the constraints it imposes on the yields and prices, which comply

with economic theory. Another reason is that it provides a parsimonious approximation and

thus promotes a good smoothness.

We use the state space representation of the Dynamic Nelson-Siegel Model for the inclu-
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sion of sentiment. Specifically, the measurement equation for N yields and for t = 1 . . . T is

the Nelson-Siegel Model:7


yt(τ1)

yt(τ2)
...

yt(τN)

 =


1 1−e−τ1γ

τ1γ
1−e−τ1γ

τ1γ
− e−τ1γ

1 1−e−τ2γ

τ2γ
1−e−τ2γ

τ2γ
− e−τ2γ

...
...

...

1 1−e−τNγ

τNγ
1−e−τNγ

τNγ
− e−τNγ


Lt

St

Ct

+


ϵt(τ1)

ϵt(τ2)
...

ϵt(τN)

 , (3)

where ϵ(τ) is assumed to be an idiosyncratic factor and is thus uncorrelated to the other

error terms. Moreover, the dynamics of the factors, i.e. the transition equations, is given by

a first-order vector autoregressive model:

Xt − µ = Φ(Xt−1 − µ) + ηt, (4)

where the variables are

Xt =


Lt

St

Ct

 , ηt =


ηLt

ηSt

ηCt

 ,

and the parameters vectors and matrices are

µt =


µL

µS

µC

 , Φ =


ϕ11 ϕ12 ϕ13

ϕ21 ϕ22 ϕ23

ϕ31 ϕ32 ϕ33

 .

Further, we define the error terms from the transition and measurement equations as

7See Appendix A.2 for details on the estimation.
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white noise processes that are orthogonal to each other and to the initial states:8

(
ηt

ϵt

)
∼ WN

[(
0

0

)
,

(
Q 0

0 H

)]
(5)

E(X0η
′
t) = 0

E(X0ϵ
′
t) = 0

(6)

Additionally, we assume that the H matrix is diagonal and that the Q matrix is non-

diagonal. To extend the model to account for sentiment variables, we include them in a bidi-

rectional causal fashion with the yield curve factors, such that X ′
t = (Lt, St, Ct, Si,t, Sπ,t, Sg,t)

and the dimensions of Φ, µ, ηt and Q are increased as appropriate. This setting allows senti-

ment to interact with the factors without spanning the yield curve.9

4.3.2 Arbitrage-Free Short Rate based Term Structure Model

Next, we will turn to the question of how to introduce no-arbitrage assumptions, so that the

yields in the model are consistent with the shape of the yield curve at any point in time.10 As

pointed out by Diebold and Rudebusch (2013), care should be taken when adding no-arbitrage

restrictions to a model, because the imposition of no-arbitrage on a misspecified model may

decrease the quality of the empirical performance. Additionally, the authors claim that if a

8Notice that the assumption of normality is not required. See, for example, Diebold and Rudebusch (2013,
p. 54) for implications regarding efficiency.

9The question whether sentiment variables span the yield curve is beyond the scope of this paper. For
simplicity, we assume they do not. See, for example, Bauer and Hamilton (2018) for implications about this
assumption.

10Diebold and Rudebusch (2013) point out: “This consistency condition is likely to hold, given the existence
of deep and well-organized bond markets. Hence, one might argue that the real markets are at least
approximately arbitrage-free, so that a good yield curve model must display freedom from arbitrage.”
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model is already a good approximation of reality, imposing no-arbitrage would add less to

the overall empirical performance. Joslin et al. (2011) go even further and show that adding

no-arbitrage conditions does not improve the forecast. Nevertheless, the focus of this paper

is not only on the best forecast but also on the intuition and usability of sentiment variables

in different models. Nyholm (2018) indicates that central banks rely on both multi-factor

yield curve models and arbitrage-free models because of their public mandate and desire to

avoid relying on one particular modeling approach.

Next, we present the AFSR model in discrete time.11 Let Xf
t be a vector containing the

four latent factors and Xs
t be the vector of sentiment variables. The short rate follows an

affine form of state variables:

it = ρ0 + (ρf1)
′Xf

t + (ρs1)
′Xs

t . (7)

where ρf1 =

(
1 0 0 0

)′

and ρs1 = 0

Under the risk-neutral measure Q, the state variables follow a first-order VAR process:

(
Xf

t

Xs
t

)
= µQ +

(
ΦQ

f 0

ΦQ
fs ΦQ

s

)(
Xf

t−1

Xs
t−1

)
+ ϵQt , (8)

where the transition matrix for the unobservable variables is equal to:

ΦQ
f =


1 1− γ 1− γ 1− γ

0 γ γ − 1 γ − 1

0 0 γ γ − 1

0 0 0 γ

 . (9)

11For details on the derivation of the model see Appendix A.1.
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The price of the zero-coupon bond is:

Pt,τ = exp(Aτ +Bf ′
τ X

f
t ). (10)

where

Aτ = −ρ0 + Aτ−1 +Bf ′
τ−1µ

Q +
1

2
Bf ′

τ−1ΩfB
f
τ−1 (11)

Bf
τ = −

[
τ−1∑
k=0

(
ΦQ

f

)]′
· ρf1 . (12)

To simplify the notation, the variance-covariance matrix is defined as ΣΣ′ = Ω. Therefore,

we find the adjustment term A by letting Ωf be the upper left block of the variance-covariance

matrix corresponding to the factor innovations in the state dynamics.

Based on Nyholm (2018), we include a monetary policy rule in the transition matrix

under the P-measure:

Xt = µP + ΦPXt−1 + ΣϵPt , ϵPt ∼ N(0, I), (13)

where I is the identity matrix and12

ΦP =



ϕ(1,1) 0 0 0 ϕ(1,5) ϕ(1,6) ϕ(1,7)

ϕ(2,1) ϕ(2,2) ϕ(2,3) ϕ(2,4) 0 0 0

ϕ(3,1) ϕ(3,2) ϕ(3,3) ϕ(3,4) 0 0 0

ϕ(4,1) ϕ(4,2) ϕ(4,3) ϕ(4,4) 0 0 0

0 0 0 0 ϕ(5,5) 0 0

0 0 0 0 0 ϕ(6,6) 0

0 0 0 0 0 0 ϕ(7,7)


(14)

12Similar to Nyholm (2018), the first row is the Sentiment Taylor rule, rows 2 to 4 allow for interaction
between the yield curve factors, and rows 5 to 9 represent the autoregressive processes for the sentiment
variables.
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Finally, we can use the model to derive the risk premia. The risk-free yield is defined as:

ỹt(τ) = −Ãτ

τ
− B̃′

τ

τ
Xt, (15)

where B̃τ =
(
ΦP
)′
B̃τ−1 − ρ1 and Ãτ = Ãτ−1 + B̃′

τ−1µ
P + 1

2
B̃′

τΩB̃τ .

We can subtract the risk-free yield from the yields to get the risk premium for a given

maturity τ :

RPτ = yt(τ)− ỹt(τ) = ατ + βf
τX

f
t + βs

τX
s
t , (16)

where ατ ≡ 1
τ
(Ãτ − Aτ ) and βτ ≡ 1

τ
(B̃′

τ − B′
τ ). βf

τ and βs
τ are the coefficients of the yield

and sentiment factors, respectively. This shows that even though sentiment does not span

the yield curve, it still enters directly in the risk premia.

A big challenge in the application of no-arbitrage models concerns estimation and infer-

ence. According to Li et al. (2011), even though Maximum Likelihood Estimation (MLE)

methods are suitable for state-space models with latent variables, finding a global optimum

with a high dimension of parameters, typical in multi-factor term structure models, can be

challenging. Based on the work of Joslin et al. (2011), which shows that the maximum

likelihood function can be partitioned such that the Q- and P-measure parameters can be

estimated separately, Nyholm (2018) developed a stepwise estimation method to estimate

the AFSR, which is explained in detail in Appendix A.2.
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5 Empirical results

5.1 Short Rate

5.1.1 Single Regime Model

The results of the Sentiment Taylor rule are shown in Table 5. Of note is the statistical

significance of sentiment with respect to interest rates (coefficient θ1), which is maintained

throughout the different specifications. According to the estimated Taylor rule in our baseline

regression, an increase of one standard deviation in the interest rate sentiment produces an

eight basis point decrease of the short term interest rate, ceteris paribus. Since the coefficients

of inflation and unemployment rate sentiment are not significantly different from zero, a third

regression is run, which leaves these variables aside. The adjusted R2 stays constant, whereas

the information criteria decrease. Hence, restricting the Taylor rule to account solely for

interest rate sentiment improves the fit.

The expectations regressions, which substitutes the lagged state variables by expectations

and add the expected change in interest rates show that the negative in-sample predictive

ability of sentiment interest rates goes beyond expectations. The decrease of magnitude of

sentiment interest rates by three basis points can either be due to the fact that we consider

expectations instead of lagged values or because we use quarterly data. Yet, our third

set of regressions demonstrates that the magnitude does not change after controlling for

expectations using monthly data.
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Baseline Regression Expectations Regression Michigan Consumer Sentiment

(1) (2) (3) (4) (5) (6) (7) (8) (9)

α −0.026 −0.037 −0.036 0.092 0.119 0.053 −0.045 −0.038 −0.037
(0.064) (0.060) (0.060) (0.057) (0.085) (0.066) (0.061) (0.057) (0.057)

ρ 0.981∗∗∗ 0.984∗∗∗ 0.983∗∗∗ 0.973∗∗∗ 0.961∗∗∗ 0.973∗∗∗ 0.974∗∗∗ 0.983∗∗∗ 0.983∗∗∗

(0.010) (0.009) (0.009) (0.016) (0.018) (0.015) (0.012) (0.010) (0.010)
δ1 0.020 0.024 0.024 −0.227 0.359 0.212 0.038 0.025 0.024

(0.045) (0.043) (0.042) (1.136) (1.135) (1.093) (0.044) (0.041) (0.041)
δ2 −0.002∗∗ 0.00005 −0.00000 −0.745 −1.186 −0.353 −0.001 0.0001 0.00002

(0.001) (0.001) (0.001) (0.700) (0.960) (0.766) (0.001) (0.001) (0.0005)
θ1 −0.082∗∗∗ −0.083∗∗∗ −0.056∗∗ −0.053∗ −0.082∗∗∗ −0.083∗∗∗

(0.014) (0.013) (0.027) (0.028) (0.015) (0.015)
θ2 0.007 −0.010 0.007

(0.011) (0.025) (0.011)
θ3 0.002 −0.032∗ 0.002

(0.016) (0.018) (0.016)
Exp. IR 12.661 8.031 4.211

(7.804) (10.088) (8.432)
MCS 0.021 0.001 0.001

(0.016) (0.016) (0.015)

AIC -127.6 -169.6 -173.2 -46.6 -47.2 -49 -127.5 -167.6 -171.2
BIC -110.1 -141.6 -152.2 -32.3 -25.7 -32.3 -106.5 -136.1 -146.7
Observations 244 244 244 81 81 81 244 244 244
Adjusted R2 0.989 0.991 0.991 0.990 0.990 0.990 0.989 0.991 0.991

Table 5: Sentiment Taylor Rule Linear Regression
The table shows the OLS results adding sentiment to the Taylor rule. The baseline regression contains
only the macroeconomic variables. Model (1) is the original Taylor rule, model (2) adds all sentiment
variables to the Taylor rule and model (3) omits sentiment with respect to inflation and unemployment
growth. Columns (4) to (6) run the same specification respectively, but include expectations of interest
rates, inflation and unemployment rate instead of the current inflation and unemployment rate. Finally,
columns (7) to (9) control solely for the Michigan Consumer Sentiment Index. The explanatory variables
are represented by their coefficients given by equation 1. Exp. IR stands for the change in treasury bill
expectations and MCS for Michigan Consumer Sentiment. Heteroskedastic-consistent standard errors are
shown in parentheses. Sentiment scores are standardized. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5%
and 10% level, respectively.

Other than in previous studies, we find a negative relationship between sentiment and

the short rate. We believe that this difference is due to the fact that the sentiment variable

is mainly based on the perception of news based directly on interest rates. As declining

interest rates boost the performance of fixed income securities, it is possible that investors

will rate as positive news which reports falling interest rates. On the other hand, Hubert

and Labondance (2016) compare sentiment used from central bank statements which focus

on current and future economic states. Therefore, if the central bank sees the current and

future economic state positively, investors will expect an increase in interest rates. Likewise,
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Gotthelf and Uhl (2019) filter news sentiment for topics relating to political, debt, and

monetary policy news, which is mostly related to business cycles as well.

The fact that the autoregressive coefficient ρ, shown in Table 5, is very close to unit is

noteworthy. As a robustness check we re-estimated the model using the first differences of

the short-rate (see Table 14 in appendix C.1) and found no significant deviations from our

results.

Since Table 5 demonstrates the predictive power of sentiment beyond the expectations, we

simplify our further empirical results and do not add expectations. To check the robustness

of our findings we recreated our main empirical results controlling for Consumer Sentiment

Index and found no meaningful deviation from the results presented in the next sections.13

5.1.2 Two-Regime Model

Before proceeding we first pre-test the data for a TAR model. Since the positive and negative

news articles are separated by a sentiment score of 50, this number could arise as a natural

threshold that divides the short rate process into two regimes.

According to Enders (2015, p. 430), the choice of the appropriate test depends on whether

the threshold parameter is known. Thus, two statistical tests are executed: The first assumes

that the threshold parameter c is known at −0.003, which is the standardized value of 50,

and the second assumes that it is not and needs to be estimated. For the first case, an F-test

is sufficient; however, we cannot use an F-test for the second case, as the F-statistic will be

overly large. Thus, a supremum test following Davies (1987) appears to be a better option.

13Results can be obtained from the authors upon request.
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Test Alternative Hypothesis Test-Statistic

F-Test TAR model with 2.33∗∗

known threshold c = −0.003 (0.02)
Supremum Test TAR model 7.20∗∗∗

with unknown threshold (0.00)

Table 6: Pretesting for a TAR Model
The table shows the supremum test result under the null hypothesis that the true model is linear. The critical
values for the supremum test are obtained by Monte Carlo Simulation following Hansen (1996). P-values are
shown in parentheses. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

As shown in Table 6, if the threshold is set to −0.003, the null hypothesis is rejected for

a 95% confidence level. On the other hand, the Supremum test rejects the null hypothesis in

favor of a TAR with unknown threshold variable with a confidence level of more than 99%.

Based on these test results, we opt to treat the threshold variable as unknown.

α ρ δ1 δ2 θ1 θ2 θ3 c

Regime 1 −0.111 0.911∗∗∗ −0.030 0.003 0.091 −0.044 0.000 0.656
Si,t > c (0.344) (0.039) (0.202) (0.006) (0.082) (0.059) (0.068) (0.438)

Regime 2 −0.038 0.997∗∗∗ 0.020 −0.000 −0.068∗∗∗ 0.004 0.013
Si,t ≤ c (0.054) (0.010) (0.038) (0.001) (0.013) (0.009) (0.017)

Observations Adjusted R2 AIC BIC
244 0.992 −199.08 −146.62

Table 7: Linear Regression of TAR Sentiment Taylor Rule
The table shows the regression results for the TAR Sentiment Taylor rule. The first and second rows show
the coefficients of the respective interest rates regimes. Heteroskedastic-consistent standard errors are shown
in parentheses. Standard error for the threshold coefficient is estimated using blockwise bootstrapping. Sen-
timent scores are standardized. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

The estimated TAR Sentiment model is shown in Table 7. AIC and BIC support the

inclusion of different regimes, although the second still points to the restricted Sentiment

Taylor rule in a single regime as the best-fitting model. Interestingly, the estimated threshold

ĉ is much larger than the division between positive and negative scores.14 Only 17% of the

data is above the threshold, in which only the lagged short rate is statistically significant.

14Since the mean of the interest rate sentiment is slightly above 50, the division between positive and negative
under the standardized sentiment measure should be slightly below 0.
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Whereas sentiment effects are not significant in the first regime, in the second regime there

is a statistically significant effect of −6.8 basis points on the short rate if sentiment interest

rate moves by one standard deviation, ceteris paribus. The model estimated using the first

difference of the short rate is shown in Table 15 in Appendix C.1 and, as in the 1-regime

case, little variations with no major impact on the results are observed.

As shown in Figure 1 this model allows to relate the two regimes to periods of falling

interest rates and economic crisis. This is not possible using different threshold variables (see

Figure 5 in Appendix B.1). None of them captures these patterns as accurate as sentiment.

5.2 Term Structure Models

5.2.1 Estimation results

Table 8 shows the parameter estimates from the DNS model. First, it is important to point

out that the model has the ability to capture most of the stylized facts of the yield curve:

Average yield curve is increasing, and concave, but it can take different forms including

downward sloping, humped, and inverted humped (this can be clearly seen in the time series

of the factors in Figure 2). As mentioned by Diebold and Li (2006, p. 343), those shapes

depend on the values that the three factors take. Also, since we assume that sentiment can

affect the yield curve factors, it can impact the shape of the curve as well.

Similarly to previous research, we find that the level, slope, and curvature are highly

persistent, though the degree of persistence differs. The autoregressive coefficients are 0.972,

0.958, and 0.886, for the three factors respectively. The fact that the persistence of Lt is

larger than St is also in line with the stylized facts that the yield dynamics is more persistent
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than spreads. Nevertheless, we see that the model implies that long-term yields are more

persistent than short-term yields. This is because the former mainly depends on the level,

whereas the yields with shorter maturity are strongly impacted by both the level and slope.

Yet, this feature of the model is not in line with the observed stylized facts for the time

period considered in this article, i.e. the degree of persistence decreases with maturity.

Single autoregressive coefficients are statistically significant. Furthermore, cross-sentiment

dynamics show statistically significant effects of Si,t−1 on Sπ,t and Su,t. Finally, with respect

to sentiment-factor interaction, we notice that positive lagged realizations of interest rate

sentiment induce negative realizations of the (negative) slope.

Notice the similarity of this coefficient, −0.083, with the sentiment interest rate coefficient

of the short rate model in Table 5. This can be explained by the fact that the slope is a linear

combination of the long- and short-term yields. Since we control for the long-term yields using

the level, we achieve a statistically significant effect of sentiment interest rates on slope with

very similar magnitude as before. Regarding lagged effects of factors on sentiment, we find

a statistically significant impact of the three factors on interest rate sentiment and from the

level factor on unemployment rate sentiment.

Turning to the AFSR, Table 9 shows the in-sample coefficient results. Overall, the short

rate dynamics implied in the model seems to be in line with the model using the explicit

short rate shown in Table 5 as well.

As opposed to the DNS, the AFSR correctly captures the fact that short-term yields are

more persistent than the long-term ones. This is due to the fact that under the AFSR, the

long-term yield is a linear combination of two factors: slope and short rate.
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Parameter Estimates of DNS

Lt St Ct Si,t Sπ,t Su,t

µ 0.159 −0.145 −0.076 −0.318∗ 0.361 1.275∗∗∗

(0.099) (0.107) (0.244) (0.174) (0.257) (0.227)
Lt−1 0.972∗∗∗ 0.021 −0.042 0.079∗∗ −0.072 −0.315∗∗∗

(0.023) (0.024) (0.056) (0.040) (0.059) (0.052)
St−1 0.001 0.958∗∗∗ 0.031 0.140∗∗∗ 0.040 −0.017

(0.018) (0.019) (0.044) (0.032) (0.047) (0.041)
Ct−1 0.014 0.025 0.886∗∗∗ −0.115∗∗∗ −0.028 −0.054

(0.015) (0.016) (0.037) (0.027) (0.039) (0.035)
Si,t−1 0.011 −0.083∗∗∗ −0.035 0.638∗∗∗ −0.137∗ −0.154∗∗

(0.027) (0.029) (0.067) (0.048) (0.070) (0.062)
Sπ,t−1 −0.025 0.029 −0.029 −0.006 0.201∗∗∗ −0.032

(0.024) (0.026) (0.060) (0.043) (0.063) (0.056)
Su,t−1 −0.029 0.049 0.019 −0.014 0.069 0.155∗∗

(0.029) (0.032) (0.073) (0.052) (0.076) (0.067)

Estimated Correlation Matrix

Lt St Ct Si,t Sπ,t Sg,t

Lt 1.000 - - - - -
St −0.874∗∗∗ 1.000 - - - -
Ct −0.423∗∗∗ 0.253∗∗∗ 1.000 - - -
Si,t 0.049 −0.207∗∗∗ −0.152∗∗ 1.000 - -
Sπ,t 0.016 −0.026 −0.038 0.060 1.000 -
Sg,t −0.062 0.065 0.037 0.009 −0.001 1.000

Obs. γ RMSE3m RMSE2y RMSE5y RMSE8y RMSE10y

244 0.041 17.00 22.95 25.50 25.95 26.88

Table 8: Regression Output of Dynamic Nelson Siegel Model
The upper table shows the coefficients of the first-order VAR process for the yield curve factors and sentiment
from January 2000 to May 2020. The factors are estimated under the Dynamic Nelson-Siegel model. Standard
errors are shown in parentheses. The middle table reports the residual correlation matrix. Inference is made
under the assumption of white-noise residuals (see, for example, Brockwell and Davis, 2016, p. 236). The
bottom table shows the estimates of the shaping parameter as well as in-sample Root Mean Square Errors
for 3, 24, 60, 96 and 120 months. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.
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Parameter Estimates of AFSR

it St C1
t C2

t Si,t Sπ,t Su,t

µP −0.013 0.048 −0.198 0.177 0.005 −0.008 0.000
(0.018) (0.084) (0.230) (0.219) (0.043) (0.062) (0.058)

it−1 0.995∗∗∗ −0.000 −0.014 −0.016 - - -
(0.007) (0.020) (0.053) (0.051)

St−1 - 0.951∗∗∗ −0.055 −0.001 - - -
(0.022) (0.063) (0.059)

C1
t−1 - −0.035∗ 0.913∗∗∗ 0.005 - - -

(0.016) (0.045) (0.043)
C2
t−1 - −0.037∗ 0.012 0.907∗∗∗ - - -

(0.018) (0.049) (0.047)
Si,t−1 −0.092∗∗∗ - - - 0.733∗∗∗ - -

(0.012) (0.042)
Sπ,t−1 −0.006 - - - - 0.255∗∗∗ -

(0.011) (0.062)
Su,t−1 0.005 - - - - - 0.409∗∗∗

(0.012) (0.059)

Estimated Correlation Matrix

it St C1
t C2

t Si,t Sπ,t Sg,t

it 1.000 - - - - - -
St −0.481∗∗∗ 1.000 - - - - -
C1
t 0.043 −0.396∗∗∗ 1.000 - - - -

C2
t −0.298∗∗∗ 0.399∗∗∗ −0.671∗∗∗ 1.000 - - -

Si,t −0.374∗∗∗ 0.173∗∗∗ −0.127∗∗ 0.017 1.000 - -
Sπ,t −0.001 −0.063 0.050 −0.095 0.054 1.000 -
Sg,t −0.001 −0.078 0.064 −0.038 −0.005 0.062 1.000

Obs. γ µQ
i RMSE3m RMSE2y RMSE5y RMSE8y RMSE10y

244 0.951 2.22 18.91 23.00 26.60 27.08 27.93

Table 9: Regression Output Arbitrage-free Short Rate based Model
The upper table shows the coefficients of the first-order VAR process for the yield curve factors and sentiment
from January 2000 to May 2020. The factors are estimated under the Arbitrage-free Short Rate based Model.
Standard errors are shown in parentheses. The middle table reports the residual correlation matrix. Inference
is made under the assumption of white-noise residuals (see, for example, Brockwell and Davis, 2016, p. 236).
The bottom table shows the estimate of the shaping parameter and the short rate intercept under Q-measure
as well as in-sample Root Mean Square Errors for 3, 24, 60, 96 and 120 months. ∗∗∗, ∗∗ and ∗ denote
significance at the 1%, 5% and 10% level, respectively.

5.2.2 Tests of Interaction across Yield Curve Factors and Sentiment

Following Diebold et al. (2006), formal hypothesis tests are used to examine the interaction

across factors and sentiment. Specifically, we create the null hypothesis using the coefficient

matrix under the P-measure and the variance-covariance matrix. First, we partition the
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coefficients under the P-measure as follows:15

ΦP =

ΦP
f ΦP

sf

ΦP
fs ΦP

s

 , (17)

likewise, we divide the variance-covariance matrix:

Ω =

Ωf Ωsf

Ω′
sf Ωs

 . (18)

No interaction No sentiment to yields No yields to sentiment
Ωsf = ΦP

sf = ΦP
fs = 0 ΦP

sf = 0 and Ωsf = 0 ΦP
fs = 0

DNS

Likelihood ratio statistic 148.61∗∗∗ 82.15∗∗∗ 66.46∗∗∗

P-value (0.00) (0.00) (0.00)

AFSR

Likelihood ratio statistic - 106.72∗∗∗ -
P-value (0.00)

Table 10: Tests of Interaction between Yield Curve Factors and Sentiment
The table reports the LRT results, in which each column represents one null hypothesis. P-values appear
in parentheses. The LRT statistic is approximately χ2(m), where m is the number of restrictions (see, for
example, Hamilton, 1994, p. 144). ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

Imposing restrictions on ΦP
sf and ΦP

fs allows us to test whether there are lagged impacts of

sentiment on yields and vice-versa. Similarly, the restrictions on Ωsf enable us to determine

if contemporaneous effects exist, though an inference of its direction is not possible. Later,

however, the construction of impulse response functions will require this information. Hence,

we assume that sentiment has a contemporaneous effect on yield curve factors but not vice-

versa.

15Although this example shows the partitions using the notation presented in the derivation of the AFSR,
they can be imposed on the DNS in the same fashion.
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Finally, we execute a Likelihood Ratio Test (LRT) under three different null hypothe-

ses: no interaction between sentiment and yields, unidirectional effect of sentiment on yield

factors, and lagged unidirectional effect of yields on sentiment.16

The test results are reported in Table 10, and all tests are overwhelmingly rejected.

Therefore, under the DNS framework, there is clear statistical evidence in favor of a bidirec-

tional link across yield curve factors and sentiment. Under the AFSR, we conclude there is

a statistically significant effect of sentiment on the short rate.

5.2.3 Regime-Switching Model

µ Lt−1/it−1 St−1 Ct−1 Si,t−1 Sπ,t−1 Su,t−1 c

Level Factor - DNS

Regime 1 0.332 0.996∗∗∗ −0.035 0.109∗∗ −0.057 −0.148 0.018 0.403
Si,t > c (0.271) (0.044) (0.032) (0.050) (0.075) (0.107) (0.068) (0.296)

Regime 2 0.172 0.971∗∗∗ 0.017 −0.010 0.040 0.014 −0.053
Si,t ≤ c (0.106) (0.022) (0.016) (0.019) (0.036) (0.033) (0.049)

Observations Adjusted R2 AIC BIC
244 0.944 195.6 248.0

Short Rate - AFSR

Regime 1 −0.306 0.895∗∗∗ - - 0.179 −0.084 0.039 0.887
Si,t > c (0.221) (0.045) (0.108) (0.056) (0.059) (0.489)

Regime 2 −0.002 1.007∗∗∗ - - −0.058∗∗∗ 0.003 0.009
Si,t ≤ c (0.013) (0.006) (0.013) (0.010) (0.010)

Observations Adjusted R2 AIC BIC
244 0.989 −118.6 −80.17

Table 11: Threshold Autoregressive Yield Curve Models
The table shows the regression results for the threshold autoregressive DNS and AFSR. In the first model, the
regime-switching model is included in the level process whereas in the second it is included in the time series
of the short rate. Standard errors are shown in parentheses. To estimate the threshold coefficient standard
errors, blockwise bootstrapping is used following Carlstein (1990, p. 9). Sentiment scores are standardized.
∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

In order to include a TAR process, we assume that only one variable changes regimes in each

model, namely the level and the short rate in the DNS and AFSR, respectively. The results

16There is, per definition, no yields to sentiment effect under the AFSR; thus there is no need to test for the
first and third hypothesis.
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are reported in Table 11. Under DNS, there is a significant effect of the curvature on the

level factor in the first regime, but no significant effects coming from sentiment. The AFSR

shares similarities with the short rate model presented before, though the threshold is larger

than before, implying an even smaller sample size in the first regime.

5.2.4 Impulse Response Functions

To generate impulse response functions (IRF) we set the following recursive order of the

variables: (1) Interest rate sentiment, (2) inflation sentiment, (3) unemployment sentiment,

(4) short rate, (5) slope, (6) curvature 1 and (7) curvature 2. This choice is based on our

main interest, namely the impact of sentiment shocks on yields. Still, it implies a strong

assumption of a contemporaneous unidirectional effect from sentiment to yields. However,

given the existing constraints on the effects of yield factors on sentiment in the AFSR, this

further assumption does not deviate too greatly from the theoretical framework of the model.

Figure 3 shows the factor responses to sentiment shocks with bootstrapped confidence

bounds plotted in red. Sentiment on interest rates affects the short rate negatively, accumu-

lating a downward shock up to 10-periods ahead and subsequently converging to zero. Those

shocks are significantly different from zero. The slope shows a statistically significant jump

of around 0.05 units, yet its speed of decay is partly unclear, as shown by the wide confidence

bounds. The first curvature factor presents a statistically significant fall of around 0.12 units.

Similar to the slope, the speed of convergence toward zero is unclear. The effects of inno-

vation shocks coming from inflation and unemployment rate sentiment are not significantly

different from zero.
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Figure 3: Impulse Response Function and Confidence Bounds
The figure shows the impulse responses of yield curve factors to shocks on sentiment innovations. The black
solid line shows the impulse response path for 0 to 60 periods ahead, and the red dotted lines show the 90%
upper and lower confidence bounds.

Finally, we repeat the IRF analysis for the DNS. Figure 6 in Appendix B.1 shows the

resulting plots. The response of the level to a shock on the interest rate sentiment innovation

is not significantly different from zero; however, the effects on the slope are significant over

the first 20 periods.

5.2.5 Risk Premium

As stated above, our choice of an arbitrage-free model enables us to analyze the relation-

ship between sentiment and risk premia, something which is not possible under the DNS

36



framework (see, for example, Li et al., 2011, p. 23).

Figure 4: Sentiment Loadings on Risk Premia
The figure displays the loadings of interest rates, inflation, and unemployment rate sentiment on the risk
premia extracted from yields with maturity of 3 to 120 months.

Figure 4 shows the risk premium loadings implied in the AFSR model (coefficient βs
τ in

equation 16). It illustrates that interest rates and inflation sentiment have positive loadings,

and unemployment sentiment has negative loadings. Hence, good news regarding the labor

market decreases the risk premium. Likewise, bad news about the real economy, which

is related to tension and higher volatility, decreases the price of bonds to compensate for

higher risk. Moreover, good news about interest rates is positively correlated with market

turmoil, as this means that interest rates are expected to go down in the future. Therefore,

positive news on interest rates affects the risk premium positively. Finally, we observe that

the magnitude of loadings decays with the maturity, implying that movements in sentiment

tend to affect shorter maturities more strongly than longer maturities.
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5.2.6 Forecasting

One of the main questions that arises when developing a new model is how well it performs

out-of-sample. In fact, a motivation for Diebold and Li (2006) to develop the DNS was that

“interest rate point forecasting is crucial for bond portfolio management, and interest rate

density forecasting is important for both derivatives pricing and risk management.”

This section now aims to examine the impact of sentiment on interest rates out-of-sample.

Making use of the Root Mean Square Error (RMSE), we evaluate the performance of 13

different models. The first group of models contains three different variations of the Taylor

rule:17 (1) the Original Taylor rule, (2) the Sentiment Taylor rule, which makes use of the

three sentiment variables, and (3) the Restricted Taylor rule, which only uses interest rate

sentiment. Likewise, we include three variations of an AR(1) model:18 (1) the simple AR(1)

process, (2) AR(1) including the three sentiment variables, and (3) AR(1) with interest rate

sentiment. Each model is executed assuming first one and then two regimes for the short rate,

whereby for two regimes, we use a TAR and assume interest rate sentiment as a threshold

variable. Finally, the last estimated model is a Random Walk (RW) without drift.

A Model Confidence Set (MCS) is performed to check for statistical significance, as we

prefer not to assume a benchmark model to be compared against, but rather to create

a confidence set based on the best model and to reject all other models which perform

significantly worse (see, for example, Hansen et al., 2011). The forecasting is executed on a

rolling basis starting at the beginning of 2012; i.e. the model is re-estimated each month,

and the sample is expanded. Although the test results might vary depending on the split,

17We refer to the Taylor rule when we include the commonly used macroeconomic indicators, namely inflation
and unemployment rate.

18We refer to this group as AR(1), because the short rate follows an AR(1) process when sentiment is not
included.
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the ranking of the models with respect to RMSE is mostly robust toward sample splitting.19

Under the DNS, the results seem to be partially disappointing toward the use of sentiment

to predict yield curve movements, as shown in Table 12. In fact, the results are in favor of the

simplest model, the RW. This is because it yields the lowest RMSE for forecasting horizons

lower than 12-months. The TAR performs visibly worse in the 1-month ahead forecasting.

However, by increasing the forecasting horizons, the flexibility given by 2 regimes pays off and

their performance improves. The TAR model using solely interest rate sentiment presents

the best results for the 12-month forecasting horizon for the shortest maturities.

Although the RW produces mostly the lowest RMSE, its results are not significantly

better than the sentiment models. In the short end of the curve, there is almost no model

excluded from the 75% confidence set for forecasting horizons up to 3-months. In the middle

of the curve, the picture is mixed: For example, only two models remain in the 75% superior

confidence set of the 1-month forecasting of the 2-year yield: RW and restricted Taylor rule.

However, most of the models are not eliminated from the 90% superior confidence set. In the

12-month forecasting horizon of the 2- and 5-year yields, all 1-regime models are eliminated

from the 75% superior confidence set.

The sample with the split starting in 2016 confirms that under the DNS framework, the

RW is difficult to beat. Similarly to Table 12, the RW mostly yields the lowest RMSE, with

the exception of the 3-month and 2-year yields. The fact that the TAR models perform

better on long horizon forecasting is not supported by the other sample splits. Nevertheless,

there is less statistical evidence on the over-performance of the RW using the other sample

split as well.

19See Tables 17 and 18 in Appendix C.2 for the forecasting results with a rolling window starting in 2016.
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1-Month 2-Months 3-Months 6-Months 12-Months

1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes

3-Months Yield
Taylor Rule

(1) 17.86∗∗ 33.17∗∗ 27.84∗∗ 32.42∗∗ 37.11∗∗ 37.86∗∗ 56.84∗∗ 48.07∗∗ 91.52∗ 69.67∗∗

(2) 16.59∗∗ 31.58 26.35∗∗ 33.49∗∗ 35.08∗∗ 39.70∗∗ 53.58∗∗ 49.81∗∗ 90.13∗∗ 70.46∗∗

(3) 16.52∗∗ 32.01∗∗ 26.31∗∗ 31.73∗∗ 34.98∗∗ 37.13∗∗ 53.40∗∗ 46.28∗∗ 89.59∗∗ 68.55∗∗

AR(1)
(1) 18.01∗∗ 23.39∗∗ 29.71∗∗ 30.33∗∗ 39.76∗∗ 36.62∗∗ 60.16∗ 48.24∗∗ 84.15∗∗ 68.26∗∗

(2) 16.43∗∗ 22.31∗∗ 27.01∗∗ 29.42∗∗ 36.61∗∗ 36.41∗∗ 56.18∗∗ 47.32∗∗ 85.44∗∗ 69.17∗∗

(3) 16.38∗∗ 19.42∗∗ 26.95∗∗ 26.42∗∗ 36.51∗∗ 32.81∗∗ 56.04∗∗ 43.37∗∗ 84.40∗∗ 66.72∗∗

Random Walk 15.82∗∗ 24.29∗∗ 31.29∗∗ 43.35∗∗ 67.92∗∗

2-Years Yield
Taylor Rule

(1) 16.85∗ 33.51∗ 26.27∗∗ 33.48∗∗ 35.58∗∗ 38.93∗∗ 56.24∗∗ 49.44∗∗ 87.36∗ 70.99∗∗

(2) 16.14∗ 33.08 25.24∗∗ 35.04∗∗ 33.88∗∗ 40.31∗∗ 53.68∗∗ 51.29∗∗ 86.07∗ 71.06∗∗

(3) 16.06∗∗ 33.02∗ 25.02∗∗ 33.52∗∗ 33.64∗∗ 38.57∗∗ 53.41∗∗ 48.48∗∗ 85.75∗ 70.19∗∗

AR(1)
(1) 16.96∗ 25.81∗ 26.87∗∗ 30.60∗∗ 36.52∗∗ 36.69∗∗ 57.68∗∗ 48.74∗∗ 85.18∗ 69.81∗∗

(2) 16.25∗ 25.48 25.50∗∗ 30.76∗∗ 34.43∗∗ 36.81∗∗ 54.64∗∗ 48.86∗∗ 84.76∗ 69.94∗∗

(3) 16.17∗ 23.31∗ 25.32∗∗ 28.18∗∗ 34.29∗∗ 33.98∗∗ 54.59∗∗ 45.50∗∗ 84.47∗ 68.93∗∗

Random Walk 15.21∗∗ 22.24∗∗ 29.16∗∗ 43.36∗∗ 69.23∗∗

5-Years Yield
Taylor Rule

(1) 21.66∗∗ 34.91∗ 32.47∗∗ 37.94∗∗ 42.47∗∗ 43.86∗∗ 63.56∗∗ 54.72∗∗ 87.52∗ 74.43∗∗

(2) 21.82∗∗ 35.14 32.12∗∗ 39.53∗∗ 41.73∗∗ 45.13∗∗ 62.05∗∗ 56.43∗∗ 86.93∗ 74.20∗∗

(3) 21.40∗∗ 34.29∗ 31.66∗∗ 37.77∗∗ 41.28∗∗ 43.43∗∗ 61.71∗∗ 54.16∗∗ 86.86∗ 74.22∗∗

AR(1)
(1) 21.24∗∗ 28.90∗∗ 31.82∗∗ 34.88∗∗ 41.62∗∗ 41.20∗∗ 62.61∗∗ 53.35∗∗ 86.99∗ 73.20∗∗

(2) 21.41∗∗ 29.62 31.62∗∗ 36.00∗ 41.06∗∗ 42.08∗∗ 61.12∗∗ 54.16∗∗ 86.40∗ 72.55∗∗

(3) 20.98∗∗ 27.27∗∗ 31.25∗∗ 33.51∗∗ 40.75∗∗ 39.62∗∗ 61.02∗∗ 51.42∗∗ 86.66∗ 73.08∗∗

Random Walk 19.32∗∗ 27.24∗∗ 33.94∗∗ 48.32∗∗ 72.26∗∗

8-Years Yield
Taylor Rule

(1) 23.52∗∗ 35.49∗∗ 35.62∗∗ 40.14∗∗ 46.35∗∗ 46.38∗∗ 68.18∗∗ 57.54∗∗ 92.57∗∗ 77.72∗∗

(2) 24.18∗∗ 36.34 35.90∗∗ 41.98∗∗ 46.44∗∗ 47.97∗∗ 67.42∗∗ 59.28∗∗ 92.22∗∗ 77.36∗∗

(3) 23.68∗∗ 35.34∗∗ 35.41∗∗ 40.32∗∗ 45.95∗∗ 46.36∗∗ 67.08∗∗ 57.46∗∗ 92.31∗∗ 77.93∗∗

AR(1)
(1) 22.65∗∗ 30.19∗∗ 34.42∗∗ 37.37∗∗ 44.74∗∗ 44.04∗∗ 66.14∗∗ 56.37∗∗ 92.63∗ 76.91∗∗

(2) 23.50∗∗ 31.18 35.14∗∗ 38.59∗∗ 45.38∗∗ 45.03∗∗ 65.62∗∗ 57.04∗∗ 91.52∗∗ 75.38∗∗

(3) 22.98∗∗ 29.25∗∗ 34.74∗∗ 36.67∗∗ 45.04∗∗ 43.21∗∗ 65.51∗∗ 55.14∗∗ 92.13∗ 76.96∗∗

Random Walk 20.71∗∗ 29.83∗∗ 36.79∗∗ 50.99∗∗ 75.00∗∗

10-Years Yield
Taylor Rule

(1) 24.08∗ 36.16∗ 36.42∗∗ 41.41∗∗ 47.33∗∗ 47.73∗∗ 69.71∗∗ 59.32∗∗ 95.65∗∗ 80.13∗∗

(2) 24.78∗ 37.17 36.86∗∗ 43.26∗∗ 47.69∗∗ 49.38∗∗ 69.22∗∗ 60.99∗∗ 95.30∗∗ 79.72∗∗

(3) 24.32∗ 36.38∗ 36.41∗∗ 41.90∗∗ 47.22∗∗ 48.01∗∗ 68.88∗∗ 59.53∗∗ 95.46∗∗ 80.51∗∗

AR(1)
(1) 23.28∗∗ 31.19∗ 35.27∗∗ 38.88∗∗ 45.71∗∗ 45.66∗∗ 67.57∗∗ 58.39∗∗ 96.28∗ 79.64∗∗

(2) 24.15∗ 31.92 36.13∗∗ 39.79∗∗ 46.59∗∗ 46.38∗∗ 67.18∗∗ 58.68∗∗ 94.60∗∗ 77.59∗∗

(3) 23.67∗ 30.55∗ 35.77∗∗ 38.44∗∗ 46.29∗∗ 45.11∗∗ 67.09∗∗ 57.40∗∗ 95.38∗ 79.64∗∗

Random Walk 22.07∗∗ 31.53∗∗ 38.56∗∗ 52.94∗∗ 77.28∗∗

Table 12: Out-of-sample Forecast Dynamic Nelson-Siegel Model
The table shows the RMSE of 1-, 2-, 3-, 6- and 12-months ahead forecasts of the U.S. treasury yield curve for
the period covering January 2000 to May 2020. The models are re-estimated at each month, such that the
sample is expanded at each step by one observation point starting in January 2012. Bold entries indicate the
lowest RMSE for a given maturity. ∗ and ∗∗ indicate the models in the 90% and 75% superior confidence
set, respectively.
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1-Month 2-Months 3-Months 6-Months 12-Months

1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes

3-Months Yield
Taylor Rule

(1) 17.37∗∗ 16.11∗∗ 26.83∗∗ 24.40∗∗ 34.89∗∗ 31.07∗∗ 48.16∗∗ 41.16∗∗ 75.32∗∗ 65.95∗∗

(2) 16.79∗∗ 17.15∗∗ 25.90∗∗ 24.52∗∗ 32.11∗∗ 31.07∗∗ 36.77∗∗ 41.20∗∗ 60.22∗∗ 64.66∗∗

(3) 16.65∗∗ 16.54∗∗ 25.79∗∗ 23.98∗∗ 32.09∗∗ 30.45∗∗ 37.27∗∗ 40.60∗∗ 60.68∗∗ 64.10∗∗

AR(1)
(1) 15.97∗∗ 15.07∗∗ 24.98∗∗ 23.37∗∗ 32.18∗∗ 30.30∗∗ 44.36∗∗ 39.98∗∗ 68.59∗∗ 65.49∗∗

(2) 16.79∗∗ 16.98∗∗ 25.76∗∗ 24.43∗∗ 32.17∗∗ 31.15∗∗ 37.37∗∗ 41.43∗∗ 59.68∗∗ 64.82∗∗

(3) 16.48∗∗ 15.77∗∗ 25.43∗∗ 22.82∗∗ 31.82∗∗ 29.28∗∗ 37.47∗∗ 38.81∗∗ 59.18∗∗ 63.37∗∗

Random Walk 15.99∗∗ 25.08∗∗ 32.38∗∗ 44.44∗∗ 68.05∗∗

2-Years Yield
Taylor Rule

(1) 19.73∗∗ 18.41∗∗ 30.96∗ 24.98∗∗ 41.10∗ 31.59∗∗ 58.51∗ 43.87∗∗ 84.73∗ 69.23∗∗

(2) 18.57∗∗ 19.09∗∗ 29.16∗ 24.95∗∗ 36.81∗∗ 31.12∗∗ 48.43∗∗ 44.15∗∗ 71.39∗∗ 68.60∗∗

(3) 18.41∗∗ 18.43∗∗ 29.06∗∗ 24.50∗∗ 36.85∗∗ 30.72∗∗ 48.96∗∗ 43.69∗∗ 71.83∗∗ 68.10∗∗

AR(1)
(1) 17.45∗∗ 16.76∗∗ 27.45∗∗ 23.78∗∗ 36.37∗∗ 30.60∗∗ 51.40∗ 42.80∗∗ 74.75∗∗ 68.85∗∗

(2) 18.56∗∗ 19.28∗∗ 29.01∗ 25.12∗∗ 36.70∗∗ 31.38∗∗ 47.43∗∗ 44.36∗∗ 68.96∗∗ 68.67∗∗

(3) 18.07∗∗ 17.36∗∗ 28.47∗∗ 23.57∗∗ 36.19∗∗ 29.71∗∗ 47.42∗∗ 42.28∗∗ 68.40∗∗ 67.61∗∗

Random Walk 17.22∗∗ 27.28∗∗ 36.38∗∗ 51.60∗ 74.34∗∗

5-Years Yield
Taylor Rule

(1) 24.38∗∗ 23.33∗∗ 36.33∗ 30.57∗∗ 46.63∗ 37.00∗∗ 63.50∗∗ 48.69∗∗ 86.30∗∗ 71.61∗∗

(2) 23.35∗∗ 23.90∗∗ 34.91∗ 30.78∗∗ 42.89∗∗ 36.83∗∗ 56.19∗∗ 49.52∗∗ 76.59∗∗ 72.09∗∗

(3) 23.24∗∗ 23.38∗∗ 34.83∗∗ 30.40∗∗ 42.94∗∗ 36.52∗∗ 56.66∗∗ 49.20∗∗ 76.85∗∗ 71.71∗∗

AR(1)
(1) 22.34∗∗ 21.87∗∗ 32.95∗∗ 29.39∗∗ 41.91∗∗ 35.89∗∗ 56.16∗∗ 47.60∗∗ 77.60∗∗ 71.21∗∗

(2) 23.38∗∗ 24.11∗∗ 34.89∗ 31.00∗∗ 42.90∗ 37.13∗∗ 55.76∗∗ 49.80∗∗ 76.82∗∗ 72.36∗∗

(3) 22.98∗∗ 22.46∗∗ 34.38∗∗ 29.63∗∗ 42.44∗∗ 35.63∗∗ 55.74∗∗ 48.13∗∗ 76.22∗∗ 71.45∗∗

Random Walk 22.16∗∗ 32.90∗∗ 41.98∗∗ 56.28∗∗ 75.42∗∗

8-Years Yield
Taylor Rule

(1) 26.04∗ 25.01∗∗ 39.97 33.56∗∗ 51.42∗ 40.44∗∗ 70.44∗∗ 52.87∗∗ 94.27∗∗ 75.84∗∗

(2) 24.95∗∗ 25.49∗∗ 38.78∗ 33.76∗∗ 48.13∗ 40.34∗∗ 64.53∗∗ 53.73∗∗ 85.64∗∗ 76.62∗∗

(3) 24.90∗∗ 25.05∗∗ 38.75∗ 33.45∗∗ 48.24∗ 40.06∗∗ 65.05∗∗ 53.51∗∗ 86.09∗∗ 76.35∗∗

AR(1)
(1) 24.15∗∗ 23.71∗∗ 36.57∗ 32.45∗∗ 46.36∗ 39.32∗∗ 61.91∗∗ 51.75∗∗ 82.63∗∗ 75.33∗∗

(2) 24.97∗∗ 25.71∗∗ 38.74∗ 33.96∗∗ 48.12∗ 40.62∗∗ 64.27∗∗ 54.00∗∗ 86.52∗ 76.95∗∗

(3) 24.68∗∗ 24.26∗∗ 38.35∗ 32.75∗∗ 47.76∗ 39.23∗∗ 64.34∗∗ 52.55∗∗ 86.18∗∗ 76.11∗∗

Random Walk 23.75∗∗ 36.23∗ 46.09∗ 62.24∗∗ 82.09∗∗

10-Years Yield
Taylor Rule

(1) 25.52∗∗ 24.70∗∗ 39.99∗ 33.75∗∗ 51.93∗ 40.79∗∗ 72.38∗∗ 53.97∗∗ 97.32∗∗ 77.34∗∗

(2) 24.43∗∗ 24.85∗∗ 39.12∗ 33.70∗∗ 49.14∗ 40.54∗∗ 67.44∗∗ 54.68∗∗ 89.41∗∗ 78.09∗∗

(3) 24.46∗∗ 24.50∗∗ 39.15∗ 33.50∗∗ 49.28∗ 40.33∗∗ 67.97∗∗ 54.55∗∗ 89.91∗∗ 77.89∗∗

AR(1)
(1) 24.34∗∗ 23.86∗∗ 37.46∗ 33.00∗∗ 47.72∗ 39.98∗∗ 64.61∗∗ 53.06∗∗ 85.49∗∗ 76.88∗∗

(2) 24.49∗∗ 25.07∗∗ 39.20∗ 33.90∗∗ 49.31∗ 40.84∗∗ 67.54∗∗ 54.96∗∗ 90.67 78.45∗∗

(3) 24.41∗∗ 24.01∗∗ 38.98∗ 33.01∗∗ 49.09∗ 39.72∗∗ 67.70∗∗ 53.76∗∗ 90.46∗ 77.69∗∗

Random Walk 24.10∗∗ 37.13∗ 47.32∗ 64.94∗∗ 85.96∗∗

Table 13: Out-of-Sample Forecast Arbitrage-Free Short Rate based Model
The table shows the RMSE of 1-, 2-, 3-, 6- and 12-months ahead forecasts of the U.S. treasury yield curve for
the period covering January 2000 to May 2020. The models are re-estimated at each month, such that the
sample is expanded at each step by one observation point starting in January 2012. Bold entries indicate the
lowest RMSE for a given maturity. ∗ and ∗∗ indicate the models in the 90% and 75% superior confidence
set, respectively.

Notably, under the framework in which sentiment enters the yield curve through the
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monetary policy channel, the contribution of sentiment on the forecasting of yields is more

visible. Table 13 reports the final results. Overall, there are two models that prevail in

reporting the lowest RMSE throughout the curve: the simple TAR(1) and the TAR(1) with

interest rate sentiment. The simple TAR(1) is consistently the best model for 1-month

forecasting. This result also supports the assumption of sentiment containing predictive

information because even though sentiment does not enter the local regime dynamics, it

contributes to the model by establishing the regimes.

In the 3-month yield, the performance of all models is not statistically different. For the

other maturities, it depends on the forecasting horizon. For example, the original and Senti-

ment Taylor rules are eliminated from the 75% confidence set for 2- and 3-month forecasting

horizons. The RW is eliminated from 6-month forecasting of the 2-year yield and of the 2-

and 3-month forecasting of the 8- and 10- year yield. Overall, the MCS confirms that the

2-regime models perform as well or better than the others.

Finally, the other sample split presents similar patterns, although the TAR models do

not always produce the lowest RMSE. Interestingly, in this sample the information contained

in the interest rate sentiment indicator seems to be entering in the global dynamics of the

one-regime models rather than in the definition of the regimes. In any case, the inclusion of

sentiment improves the forecasting accuracy.

Although the aim of this paper is not to compare the two term structure models, pointing

out their main differences could help us better understand how sentiment contributes to the

forecast of yields. On the one hand, given the in-sample predictive power of sentiment on

the short rate, we expected the contribution of sentiment on the yields to be improved when

including a monetary policy rule in the term structure model. On the other hand, the
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constraints imposed in the AFSR could have given it a disadvantage toward the DNS, since

these are based on economic assumptions rather than statistical significance. The AFSR

clearly improves the contribution of 2-regime sentiment models; however, the results are

mixed when comparing each 1-regime model with their equivalent in the DNS framework.

The only exception is the RW, which is clearly better in the DNS framework. Therefore, the

restrictions imposed by the AFSR to increase economic interpretability do not necessarily

harm the forecasting performance. In fact, we can conclude that the TAR(1) using interest

rate sentiment produces the overall lowest RMSE for the short end of the curve, whereas the

RW under DNS framework delivers the lowest RMSE for the long end of the curve.

6 Conclusion

We provide substantial evidence of an existing effect of macroeconomic news sentiment on

the yield curve. First, we showed that sentiment has in-sample predictive power on the

short rate using the Taylor rule. These effects go beyond any information entailed in current

state variables and their expectations. Furthermore, we found that sentiment can be used to

characterize two interest rates regimes, which are in line with different states of the economy.

Finally, we analyzed the term structure of U.S. bond yields assuming two different models: the

Dynamic Nelson-Siegel model (DNS) motivated by Diebold and Li (2006) and the Arbitrage-

free Short Rate based model (AFSR) developed by Nyholm (2018). The second extends the

first by arbitrage-free assumptions and the introduction of a fourth yield factor while, at the

same time, restraining it such that a monetary policy rule can be embedded and thus the

economic interpretability increased. Using both models, we have shown that sentiment and
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yields have statistically significant lagged and contemporaneous interactions. Finally, we have

shown the predictive power of sentiment, which is rather weak under the DNS framework

but stands out when assuming sentiment enters the yields through a monetary policy rule

channel.

This paper can be extended in different forms. First, there are other means by which

sentiment data can be extracted, for example, using machine learning techniques. Different

and more complete term-structure models can be used in order to expand our results. Finally,

a general investigation of whether similar effects can also be seen when the models are

estimated on yield curves from other countries is also left for future research.
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A Theoretical Appendix

A.1 Arbitrage-free Short rate based Model

Let the transition equation for the 4-dimensional vector of factors Xt be given by a first-order

VAR process:

Xt = µP + ΦPXt−1 + ΣϵPt , ϵPt ∼ N(0, I), (19)

where I is the identity matrix. The short rate equation is denoted by

it = ρ0 + ρ′1Xt, (20)

where ρ0 is a scalar, and ρ1 is a 4× 1 vector.

The price of risk also takes an affine form on the state vector:

Λt = λ0 + λ1Xt, (21)

where λ0 is a 4× 1 vector, and λ1 is a 4× 4 matrix.

Under no-arbitrage, the current bond price at time t with maturity τ is given by following

equation:

Pt,τ = Et
P[Mt+1 · Pt+1,τ−1

]
. (22)

That is, if the market is free of arbitrage, the current price of the bond is the expectation

of the discounted future price. The pricing kernel is assumed to be a function of the short
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rate and the risk perceived by the market:

Mt+1 = exp(−it −
1

2
Λ′

tΛt − Λ′
tϵ

P
t+1). (23)

According to Ang and Piazzesi (2003), under the arbitrage-free assumption, it is guaran-

teed the existence of an equivalent risk-neutral measure (also called martingale measure) Q,

such that the price of the bond for any t+ 1 satisfies:

Pt,τ = Et
Q[exp(−it) · Pt+1,τ−1

]
. (24)

The state dynamics under the risk-neutral Q-measure is given by

Xt = µQ + ΦQXt−1 + ΣϵQt , ϵQt ∼ N(0, I), (25)

where the transition equations under both measures are related such that: µQ = µP − Σλ0

and ΦQ = ΦP − Σλ1 (see, for example, Nyholm, 2018, p. 7).

Next, in order to derive a closed form solution, we assume that the price follows an

exponential affine function of the state variables:

Pt,τ = exp(Aτ +B′
τXt). (26)

Consequently, yields are affine on the states:

yt,τ = −1

τ
· log(Pt,τ ) = −Aτ

τ
− B′

τ

τ
Xt. (27)
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To find Aτ and Bτ , we first insert the pricing equation 26 on both sides of equation 24:

exp(Aτ +B′
τXt) = Et

Q
[
exp(−it + Aτ−1 +B′

τ−1Xt+1)
]
. (28)

Then, we include equations 20 and 25 in the equation above:

exp(Aτ +B′
τXt)

= exp
(
−ρ0 − ρ′1Xt + Aτ−1 +B′

τ−1µ
Q +B′

τ−1Φ
QXt

)
· Et

Q
[
exp

(
B′

τ−1Σϵ
Q
t+1

) ]
= exp

(
−ρ0 − ρ′1Xt + Aτ−1 +B′

τ−1µ
Q +B′

τ−1Φ
QXt +

1

2
B′

τ−1ΣΣ
′Bτ−1

)
.

(29)

Finally, taking the log from both sides yields

Aτ +B′
τXt = −ρ0 − ρ′1Xt + Aτ−1 +B′

τ−1µ
Q +B′

τ−1Φ
QXt +

1

2
B′

τ−1ΣΣ
′Bτ−1. (30)

Matching coefficients results in the two difference equations:

Aτ = −ρ0 + Aτ−1 +B′
τ−1µ

Q +
1

2
B′

τ−1ΣΣ
′Bτ−1, (31)

Bτ =
(
ΦQ)′Bτ−1 − ρ1 = −

[
τ−1∑
k=0

(
ΦQ)k]′ · ρ1. (32)

Under no-arbitrage, we derive the initial condition, from the fact that in the end period,

the price of the bond is equal to the face value: P0 = 1. It follows the initial conditions:

A0 = B0 = 0.

The key difference between the standard DNS models and its arbitrage-free versions is the

fact that there is no constant term; thus: Aτ = 0. Moreover, we do not make any assumption
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regarding the “real” dynamics of the model, since this is not necessary. In fact, as pointed

out by Diebold and Rudebusch (2013), the choice of the risk neutral parameters does not

constrain the choice of the parameters and dynamics under the probability measure P. This

gives us the freedom to specify the “real” dynamics that the state factors follow in the most

appropriate way.

Carrying on with the derivation, we need to choose ΦQ that leads to the desired loadings.

Nyholm (2018) chooses the loadings which approximately match Söderlind and Svensson

(1997). He uses following matrix structure:

ΦQ =


1 1− γ 1− γ 1− γ

0 γ γ − 1 γ − 1

0 0 γ γ − 1

0 0 0 γ

 . (33)

Inserting it in equation 32 results in

Bτ =


τ

τ − 1−γτ

1−γ

−τγτ−1 + 1−γτ

1−γ

−1
2
τ(τ − 1)(γ − 1)γτ−2

 . (34)

Finally, following Joslin et al. (2011), further restrictions are imposed to achieve exact

identification: µQ =

(
µQ
i 0 0 0

)
and ρ0 = 0, in which case the adjustment term from

equation 31 reduces to

Aτ = Aτ−1 + τµQ
i +

1

2
B′

τ−1ΣΣ
′Bτ−1. (35)

This specification guarantees the maximal parsimony of the model, with the only differ-

ence to the DNS being the additional parameter µQ
i .
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Once the no-arbitrage model is derived, we can now turn to the question of how to include

unspanned variables in the model following Li et al. (2011). Let Xf
t be a vector containing

the four latent factors and Xs
t be the vector of observable variables (in our case, the three

sentiment variables). As before, the short rate follows an affine form of state variables:

it = ρ0 + (ρf1)
′Xf

t + (ρs1)
′Xs

t . (36)

Furthermore, we set

ρf1 =

(
1 0 0 0

)′

, (37)

ρs1 = 0. (38)

Under the measure Q, the state variables follow a first-order VAR process:

(
Xf

t

Xs
t

)
= µQ +

(
ΦQ

f 0

ΦQ
fs ΦQ

s

)(
Xf

t−1

Xs
t−1

)
+ ϵQt , (39)

where the transition matrix for the unobservable variables is equal to before:

ΦQ
f =


1 1− γ 1− γ 1− γ

0 γ γ − 1 γ − 1

0 0 γ γ − 1

0 0 0 γ

 . (40)

Hence, the price of the zero-coupon bond also remains the same:

Pt,τ = exp(Aτ +Bf ′
τ X

f
t ). (41)
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From equation 32, we know that:

(
Bf

τ

Bs
τ

)
=

(
ΦQ′

f ΦQ′
fs

0 ΦQ′
s

)(
Bf

τ−1

Bs
τ−1

)
−

(
ρf1
0

)
. (42)

Therefore, it follows

Bs
τ =

(
ΦQ

s

)′
Bs

τ−1 = 0, for τ > 0 (43)

Bf
τ =

(
ΦQ

f

)′
Bf

τ−1 − ρf1 = −

[
τ−1∑
k=0

(
ΦQ

f

)]′
· ρf1 . (44)

To simplify the notation, the variance-covariance matrix is defined as ΣΣ′ = Ω. Therefore,

we find the adjustment term by letting Ωf be the upper left block of the variance-covariance

matrix corresponding to the factor innovations in the state dynamics. Since Bs
τ = 0, we get

B′
τΩBτ = Bf ′

τ ΩfB
f
τ . (45)

Thus, the adjustment term is

Aτ = −ρ0 + Aτ−1 +Bf ′
τ−1µ

Q +
1

2
Bf ′

τ−1ΩfB
f
τ−1. (46)

It is important to notice that ΦQ
s and ΦQ

sf are not identified, in which case the price of risk

parameters λ0 and λ1 are also not identified. However, this is not a concern since the only

purpose of identification of the mean reversion matrix under the measure Q is for the latent

factors to enter the yield curve according to Söderlind and Svensson (1997). Furthermore,

following Li et al. (2011), we can still infer the risk premia as follows: Let yt(τ) be the

56



theoretical yield at time t with maturity τ and ỹt(τ) be the yield with zero compensation for

risk, i.e. λ0 = λ1 = 0. Hence, the risk-free yield is defined as

ỹt(τ) = −Ãτ

τ
− B̃′

τ

τ
Xt, (47)

where

B̃τ =
(
ΦP)′ B̃τ−1 − ρ1 (48)

Ãτ = Ãτ−1 + B̃′
τ−1µ

P +
1

2
B̃′

τΩB̃τ . (49)

Lastly, we derive the risk premium as follows:

RPτ = yt(τ)− ỹt(τ)

=
1

τ

[
Ãτ + B̃′

τXt − (Aτ +B′
τXt)

]
=

1

τ

[
(Ãτ − Aτ ) + (B̃′

τ −B′
τ )Xt

]
= ατ + βτXt

= ατ + βf
τX

f
t + βs

τX
s
t ,

(50)

where ατ ≡ 1
τ
(Ãτ − Aτ ) and βτ ≡ 1

τ
(B̃′

τ − B′
τ ). βf

τ and βs
τ are the coefficients of the yield

and sentiment factors, respectively. This shows that even though sentiment does not span

the yield curve, it still enters directly in the risk premia.

The final step is to include the monetary policy rule in the transition matrix under the

P-measure. Based on Nyholm (2018), we assume the following structure, where the first row

specifies the monetary policy rule, rows 2 to 4 allow for interaction between the yield curve
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factors, and rows 5 to 9 represent the autoregressive processes for the sentiment variables:

ΦP =



ϕ(1,1) 0 0 0 ϕ(1,5) ϕ(1,6) ϕ(1,7)

ϕ(2,1) ϕ(2,2) ϕ(2,3) ϕ(2,4) 0 0 0

ϕ(3,1) ϕ(3,2) ϕ(3,3) ϕ(3,4) 0 0 0

ϕ(4,1) ϕ(4,2) ϕ(4,3) ϕ(4,4) 0 0 0

0 0 0 0 ϕ(5,5) 0 0

0 0 0 0 0 ϕ(6,6) 0

0 0 0 0 0 0 ϕ(7,7)


(51)

A.2 Estimation Methods

We first estimate the Sentiment Taylor rule under 1 and 2 regime using Ordinary Least Square

(OLS). To estimate the optimal threshold of the TAR model, ĉ, we execute a grid-search,

whereby the highest and lowest 15% of the values in the sample are excluded to avoid an

extremely small sample size, as suggested by Enders (2015, p. 428).

The estimation of the DNS is achieved by the two-step method motivated by Diebold and

Li (2006):

Step 1: The static Nelson-Siegel model is fitted for each period t = 1 . . . T using OLS. This

delivers the three-dimensional time series of estimated factors and a corresponding

N -dimensional series of residual pricing errors

X̂t = B̂−1y′t, (52)

ϵ̂t = yt − B̂ · X̂t, (53)

where B̂ is the estimated matrix containing Nelson-Siegel loadings and B̂−1 is its

pseudo-inverse. Moreover, the parameter γ is chosen via grid-search, such that the
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sum of squared residuals is minimized

γ̂ = argmin
γ

T∑
t=1

N∑
τ=1

ϵt(τ)
2. (54)

Step 2: The coefficients of the first-order VAR process are estimated via OLS, which, under

the assumptions of serially uncorrelated error terms with constant variance is consistent

and asymptotically efficient (see, for example, Enders, 2015, p. 290).

As pointed out by Diebold and Rudebusch (2013, p. 57) “the cost of two-step estimation

is its possible statistical suboptimality, insofar as the first-step parameter estimation error is

ignored in the second-step, which may distort second-step inference.” However, in this paper,

we choose this method for the sake of simplicity and numerical stability.

Finally, as noted above, a big challenge in the application of no-arbitrage models concerns

estimation and inference. According to Li et al. (2011), even though Maximum Likelihood

Estimation (MLE) methods are suitable for state-space models with latent variables, finding

a global optimum with a high dimension of parameters, typical in multi-factor term structure

models, can be challenging. Based on the work of Joslin et al. (2011), which shows that the

maximum likelihood function can be partitioned such that the Q- and P-measure parameters

can be estimated separately, Nyholm (2018) developed a stepwise estimation method to

estimate the AFSR as follows:

Step 1: Taking γ̂ as given, a closed-form solution for Φ̂Q
f can be found using equation 40.
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Step 2: The yield curve factors Xf
t can then be estimated via OLS:

X̂f
t = (B̂f )−1y′t, (55)

where Bf = −Bf
τ /τ (see equation 34).20

Step 3: As before, in order to estimate γ̂, a grid-search is executed, such that the sum of squared

errors is minimized (see equation 54).

Step 4: The dynamics under the P-measure can be found using the extracted factors. No-

tice that due to the parameter constraints, OLS is not the most efficient method. In

this case, Enders (2015, p. 303) recommends the use of Seemingly Unrelated Re-

gression (SUR), which yields an efficient residual covariance matrix (see, for example,

Wooldridge, 2010, p. 185).

Step 5: Lastly, we use the estimated factors and the residual covariance matrix to estimate µQ
i :

µ̂i
Q = argmin

µQ
i

T∑
t=1

N∑
τ=1

[
yt − Â− B̂f · X̂f

t

]2

where A = −Aτ/τ (see equation 46).

An advantage of the stepwise estimation method is that it makes it convenient and easy to

include a regime-switching model. Since only the dynamics under the P-measure are assumed

to change regimes, we can add the estimation process of the TAR to steps 2 and 4 of the

DNS and AFSR estimation process, respectively.

20See also de Los Rios (2015) for similar estimation steps with principal component weights used to obtain the
factors. Yet, given that both models are linear combinations of yields, they are identical up to a rotation
(see, for example, Joslin et al., 2011).
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B Figure Appendix

B.1 Further Empirical Results
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Figure 5: Historical Interest Rates under two Regimes using Different Threshold Vari-
ables
The figure displays the development of the monthly U.S. 3-month treasury yield observed from January 2000
to May 2020. The red shaded background shows the regime whereby the corresponding variable is above
the threshold, while the gray background shows the regime whereby the variable is below. The threshold
parameters are shown in parentheses.
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Figure 6: Impulse Response Function and Confidence Bounds of the DNS model
The figure shows the impulse responses of the yield curve factors to shocks on sentiment innovations under
the Dynamic Nelson-Siegel model. The black solid lines indicate the impulse response path for 0 to 60 periods
ahead, and the red dotted lines show the 90% upper and lower confidence bounds.
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B.2 Further Details about Sentiment Construction

Fed’s Mester: Fed Will Need To Raise Rates Three Times In 2018, 2019

January 18, 2018 18:06 ET (23:06 GMT)

Federal Reserve Bank of Cleveland President Loretta Mester said Thursday she anticipated the Fed would

need to raise its benchmark interest rate three times in 2018 and 2019. In a speech in New York, Ms.

Mester said the economy had finally returned to normal after the last recession, leaving Fed officials with

the responsibility of keeping it from overheating. ”If the economy evolves as I anticipate, we’ll need to make

some further increases in interest rates this year and next year, at a pace similar to last year’s,” she said. In

2017, the Fed raised rates three times to a range of between 1.25% and 1.5%. Officials have penciled in three

more rate increases this year and two next year. ”The economy is coming into 2018 with positive momentum,

and for the first time in a while, there are some more salient upside risks to the forecast,” Ms. Mester said.

Raising rates gradually ”gives inflation time to move back to goal while, at the same time, avoiding a buildup

of risks to macroeconomic stability that could arise if the economy is allowed to overheat, with the Fed then

having to raise rates sharply in response,” she said. Inflation has fallen short of the Fed’s 2% target for most

of the past five years, but Ms. Mester said she expects to hit the goal in the next year or two. Ms. Mester

said she expected fiscal policy to add another 0.25% to 0.5% to economic growth this year and next but ”the

effect could be larger.” Much of that additional growth will come from household spending, which is expected

to get a boost from lower personal tax rates, she said. But it remains to be seen whether the tax overhaul

causes businesses to pick up investment and hiring, she added. ”The majority of our business contacts have

told us that while they welcome lower tax rates, they aren’t planning to make significant changes to their

capital or hiring plans as a result of the change in taxes,” she said. Because of the uncertainty surrounding

the new law’s effects, Ms. Mester said she didn’t factor possible productivity increases or higher labor-force

participation rates from the tax law into her long-term forecasts.

Figure 7: Example of Dowjones Newswire on Interest Rate
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create interest rate sentiment.
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Federal Reserve Will Make Interest Rate Cut - Economists

October 18, 2002 14:41 ET (18:41 GMT)

The purchasing manager’s index and employment numbers, which come out before the Federal Reserve meets

Nov. 1, will be enough to convince the Fed to make a quarter percent interest rate cut, said Stuart Hoffman,

chief economist PNC Financial Services Group (PNC), in an interview with CNBC Friday. In the same

interview, Richard Rippe, chief economist for Prudential Financial Inc. (PRU), agreed that the Federal

Reserve would make a cut after the reports. Hoffman said if unemployment remains up and the purchasing

manager’s index goes down, it will be enough ammunition for the Federal Reserve to make the cut. Hoffman

added the economy is a ’mixed picture.’ The mixed indicators for the week show a ’two steps forward, one

step back’ movement for the market. He said the consumer price index numbers that came out earlier Friday

were ’benign.’ He added the higher trade deficit would drag on the U.S. gross domestic product. Rippe also

agreed the housing markets have been the strongest sector by far, although he sees the growth slowing in the

fourth quarter with the rising mortgage interest rates. The housing boom will continue to drive consumer

spending, he said. ’I think the economy is making progress and not facing a double-dip recession,’ Rippe

said. Despite general concerns of deflation, the consumer price index numbers indicate minor inflation, he

said.

Figure 8: Example of Dowjones Newswire on Interest Rate
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create interest rate sentiment.
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Fed’s Quarles Says Low U.S. Inflation Readings Are Not A ’great Concern’

February 22, 2018 00:16 ET (05:16 GMT)

Recent low inflation readings are not a ”great concern,” and the U.S. central bank should continue to raise

interest rates gradually, said Randall Quarles, the new Federal Reserve vice chairman for supervision, on

Thursday. In a speech in Tokyo, Quarles said the economy ”is performing very well” with a strong labor

market and ”likely only temporary softness in inflation.” Quarles noted that headline personal consumption

expenditure index rose at a 1.7% annual rate in December, just below the Fed’s 2% target. ”Suffice to say,

a deviation from our target by a few tenths of 1 percentage point, especially one I expect to fade, does not

cause me great concern,” Quarles said. A Trump appointee, Quarles was optimistic about the impact of the

Republican tax cuts. He said the investment drought that has afflicted the U.S. economy over the past five

years ”may finally be breaking.”

Figure 9: Example of Dowjones Newswire on Inflation
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create inflation sentiment.

MARKET TALK: US PPI Jumps 1.8% In Nov

December 15, 2009 08:38 ET (13:38 GMT)

Surging energy costs drove US wholesale prices up nearly twice as much as expected in Nov while core prices

posted their largest increase in more than a year. Nov PPI leapt 1.8%, after rising by an unrevised 0.3% in

Oct. Economists had expected prices would climb by 1.0%. The data show the PPI is up 2.4% from Nov

2008. Core PPI, which excludes food and energy, rose 0.5% in Nov, driven up by higher prices for light motor

trucks and cigarettes. The increase in core PPI is the largest since Oct 2008 and is more than double the

0.2% rise economists had expected.”

Figure 10: Example of Dowjones Newswire on Inflation
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create inflation sentiment.
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Fed’s Kaplan: Texas Unemployment Lowest Since ’70s’

January 10, 2018 12:54 ET (17:54 GMT)

Texas labor market is firing on all cylinders, Dallas Fed President Robert Kaplan says, pointing to 2.5% job

growth last year and another likely 3% this year. ”The unemployment rate right now in the state of Texas

is approximately 3.8%, and that is the lowest recorded rate of unemployment – believe it or not – since the

70s,” Kaplan tells an audience at SMU in Dallas. While the Texas economy collapsed in the 1980s oil bust,

it’s handling the 2014 bust better, he says, noting a spike in Permian Basin oil drilling. ”Texas is growing

in population, we’re a magnet, have been and will continue to be based on everything I see, for people and

firms.

Figure 11: Example of Dowjones Newswire on Umemployment
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create unemployment sentiment.
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DATA SNAP: US Jobless Rate Rises For 1st Time Since Dec

April 05, 2002 08:30 ET (13:30 GMT)

U.S. employers added 58,000 workers to their payrolls in March, ending seven months of cutbacks, the government said in a

report that suggested the economy is recovering from its first recession in a decade. Non-farm business payrolls grew for the first

time since July, the Labor Department said. The department revised its estimate of payrolls in February, saying they shrank

rather than grew. The unemployment rate, meanwhile, rose in March for the first time in three months, climbing two-tenths of a

percentage point to 5.7%. Those numbers surprised Wall Street, which expected payrolls to grow 50,000 and the unemployment

rate to rise no higher than 5.6%. The report suggested the U.S. economic recovery isn’t strong enough to prompt the Federal

Reserve to raise interest rates before the summer. Investors are likely to revise their expectations as a result. U.S. economic

data released in the last month have convinced most experts that the country’s first recession in a decade is over. The economy

grew a surprising 1.7% in the fourth quarter, up from an initial estimate of 0.2%. That reflected the fastest increase in consumer

spending in nearly two years and the biggest increase in overall corporate profits in more than 50 years. Investors, as a result,

have expected the Fed to raise interest rates rapidly - beginning no later than June. Futures contracts on the Fed’s key federal

funds rate imply an expectation that the rate will climb to 3.5% by the end of the year, up from the current level of 1.75%. Fed

policymakers, however, have sought to lower those expectations, saying the recovery remains fragile. ’The preconditions for a

recovery are in place,’ William McDonough, president of the Federal Reserve Bank of New York, told the National Association for

Business Economics last week. ’But not all indicators are flashing green.’ Job creation, he said, has been sluggish so far, which

implies it will ’take some time’ for the country to recover the 1.5 million jobs lost during the recession last year. Economists say

the Fed never raises interest rates until after the unemployment rate has stabilized in the wake of a recession. Many forecasters

say the unemployment rate may rise to 6% this year. The Labor Department attributed most of the increase in payrolls in

March to job growth in the services industry. The services industry added 118,000 jobs, the biggest increase in 18 months. Lois

Orr, a Labor Department official, said the numbers indicated the industry has ’nearly recovered’ from 245,000 job losses late

last year. The services-producing industry added 135,000 jobs. The manufacturing industry, however, trimmed 38,000 jobs in

March, the smallest cutback since late 2000. In the year that ended in January, the manufacturing industry lost an average of

111,000 jobs a month, the Labor Department said. The employment report suggested that inflation risks remained tame despite

the flurry of tax and interest-rate cuts over the last year. Average hourly earnings rose four cents, or 0.3%, to $14.67 in March

after rising by the same amount in February. Over the last 12 months, average hourly wages have risen 3.5%. But the average

work week held steady: In March, the week lasted 34.2 hours. The government revised its estimates of growth in payrolls in

February. Payrolls declined by 2,000 in February, down from the initial estimate of a 66,000 increase. A Labor Department

spokeswoman said a revision of that size isn’t unusual.

Figure 12: Example of Dowjones Newswire on Umemployment
Raw Downjones Newswire used to construct the sentiment scores on Table 2. The texts were extracted
by matching the timestamp available from Ravenpack to the time the news were published according to
Dowjones Newswire. This news articles is used to create unemployment sentiment.
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C Table Appendix

C.1 Further Model Details and Summary Statistics

(1) (2) (3)

α 0.041 0.017 0.023
(0.064) (0.060) (0.060)

δ1 −0.037∗∗∗ −0.023 −0.027
(0.045) (0.043) (0.042)

δ2 −0.002 0.0002 −0.0001
(0.001) (0.001) (0.001)

θ1 −0.083∗∗∗ −0.084∗∗∗

(0.014) (0.013)
θ2 0.006

(0.011)
θ3 0.010

(0.016)

Observations 244 244 244
Adjusted R2 0.022 0.189 0.193
AIC -124.3 -167.3 -170.2
BIC -110.3 -142.8 -152.7

Table 14: Sentiment Taylor Rule Linear Regression - First Differences
The table shows the regression results for the linear regression model adding sentiment to the Taylor rule.
Model (1) is the original Taylor rule, model (2) adds all sentiment variables to the Taylor rule and model
(3) omits sentiment with respect to inflation and unemployment rate. Heteroskedastic-consistent standard
errors are shown in parentheses. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

α δ1 δ2 θ1 θ2 θ3 c

Regime 1 −0.019 −0.189 0.007 0.069 −0.041 0.054 0.656
Si,t > c (0.388) (0.193) (0.006) (0.086) (0.072) (0.081) (0.442)

Regime 2 −0.038 0.011 −0.000 −0.067∗∗∗ 0.003 0.015
Si,t ≤ c (0.040) (0.027) (0.001) (0.012) (0.008) (0.017)

Observations Adjusted R2 AIC BIC
244 0.261 −186.2 −140.8

Table 15: Linear Regression of TAR Sentiment Taylor Rule - First Differences
The table shows the regression results for the TAR Sentiment Taylor rule. The first and second rows show
the coefficients of the respective interest rates regimes. Heteroskedastic-consistent standard errors are shown
in parentheses. Standard error for the threshold coefficient is estimated using blockwise bootstrapping. Sen-
timent scores are standardized. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

68



µ St−1 Ct−1 Si,t−1 Sπ,t−1 Su,t−1 c

Level - DNS

Regime 1 0.316 −0.034 0.109∗∗ −0.057 −0.147 0.021 0.403
Si,t > c (0.179) (0.027) (0.049) (0.074) (0.102) (0.059) (0.236)

Regime 2 0.172 0.017 −0.010 0.040 0.014 −0.053
Si,t ≤ c (0.106) (0.016) (0.019) (0.036) (0.033) (0.049)

Observations Adjusted R2 AIC BIC
244 0.071 192.8 238.3

Short Rate - AFSR

Regime 1 −0.560 - - 0.160 −0.063 0.052 0.887
Si,t > c (0.206) (0.092) (0.094) (0.061) (0.559)

Regime 2 0.008 - - −0.061∗∗∗ 0.004 0.005
Si,t ≤ c (0.012) (0.014) (0.008) (0.015)

Observations Adjusted R2 AIC BIC
244 0.887 −100.6 −69.18

Table 16: Threshold Autoregressive Yield Curve Models - First Differences
The table shows the regression results for the threshold autoregressive DNS and AFSR. In the first model, the
regime-switching model is included in the level process whereas in the second it is included in the time series
of the short rate. Standard errors are shown in parentheses. To estimate the threshold coefficient standard
errors, blockwise bootstrapping is used following Carlstein (1990, p. 9). Sentiment scores are standardized.
∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

C.2 Further Forecasting Results
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1-Month 2-Months 3-Months 6-Months 12-Months

1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes

3-Months Yield
Taylor Rule

(1) 20.41∗∗ 45.33∗ 29.40∗∗ 44.12∗∗ 37.35∗∗ 51.77∗∗ 46.31∗ 66.43 71.54∗∗ 99.69
(2) 19.43∗∗ 41.80 29.00∗∗ 44.74∗ 36.04∗∗ 53.45 41.44∗∗ 68.41 69.81∗∗ 100.73
(3) 19.27∗∗ 43.35∗ 28.78∗∗ 42.97∗∗ 35.71∗∗ 50.47∗ 40.87∗∗ 63.90 68.48∗∗ 98.16

AR(1)
(1) 20.13∗∗ 31.50∗ 32.37∗∗ 41.27∗ 42.45∗∗ 50.20 59.52 67.02 84.87∗∗ 98.32
(2) 18.74∗∗ 27.40∗ 29.32∗∗ 38.16∗ 37.80∗∗ 48.38 49.12 64.57 79.67∗ 98.53
(3) 18.51∗∗ 25.92∗∗ 28.93∗∗ 35.82∗∗ 37.27∗∗ 44.77∗ 48.62 60.05 78.18∗∗ 95.88

Random Walk 20.07∗∗ 32.17∗∗ 42.08∗∗ 59.31 96.87

2-Years Yield
Taylor Rule

(1) 17.98∗ 45.23∗ 28.53∗∗ 45.09∗ 38.68∗∗ 52.96∗ 58.26∗∗ 68.60∗∗ 92.11∗∗ 102.64∗∗

(2) 17.03∗∗ 42.94 27.23∗∗ 45.76∗ 36.55∗∗ 53.86 54.86∗∗ 70.21 91.22∗∗ 101.98∗∗

(3) 16.85∗∗ 43.71∗ 26.93∗∗ 44.19∗ 36.16∗∗ 51.70∗ 54.00∗∗ 66.57∗∗ 90.15∗∗ 100.87∗∗

AR(1)
(1) 18.43∗ 34.10∗ 29.95∗∗ 40.99 40.87∗ 49.87 63.07∗∗ 67.82∗ 97.02∗∗ 101.32∗∗

(2) 17.03∗∗ 31.30∗ 27.47∗∗ 38.98 37.29∗∗ 48.44 57.07∗∗ 66.55∗∗ 94.09∗∗ 100.57∗∗

(3) 16.90∗∗ 29.75∗ 27.17∗∗ 36.83∗ 36.88∗∗ 45.46 56.24∗∗ 62.74∗∗ 92.86∗∗ 99.59∗∗

Random Walk 17.92∗ 28.56∗∗ 38.82∗∗ 59.87∗∗ 100.24∗∗

5-Years Yield
Taylor Rule

(1) 21.59∗∗ 44.65∗ 34.30∗∗ 47.79∗ 45.64∗∗ 55.98∗∗ 69.62∗∗ 71.25∗∗ 103.56∗∗ 99.65∗∗

(2) 21.35∗∗ 43.51∗ 33.16∗∗ 48.75∗ 44.08∗∗ 56.97∗ 67.62∗∗ 72.99∗∗ 103.25∗∗ 98.79∗∗

(3) 20.99∗∗ 43.58∗ 32.71∗∗ 47.14∗∗ 43.55∗∗ 55.06∗∗ 66.63∗∗ 69.95∗∗ 102.48∗∗ 98.23∗∗

AR(1)
(1) 21.17∗∗ 35.77∗ 33.53∗∗ 43.38∗ 44.43∗∗ 52.22∗ 67.30∗∗ 69.25∗∗ 101.19∗∗ 97.69∗∗

(2) 20.74∗∗ 34.15∗ 32.53∗∗ 42.46∗ 43.01∗∗ 51.61∗ 65.18∗∗ 68.88∗∗ 100.44∗∗ 96.55∗∗

(3) 20.54∗∗ 33.07∗ 32.31∗∗ 41.05∗ 42.74∗∗ 49.67∗∗ 64.32∗∗ 66.17∗∗ 99.54∗∗ 96.93∗∗

Random Walk 20.12∗∗ 31.13∗∗ 40.76∗∗ 61.09∗∗ 95.63∗∗

8-Years Yield
Taylor Rule

(1) 23.21∗ 45.07∗ 36.60∗∗ 49.02∗∗ 48.86∗∗ 56.94∗∗ 74.84∗∗ 70.29∗∗ 111.48∗ 94.51∗∗

(2) 23.56∗ 44.91∗ 36.21∗∗ 50.61∗ 48.29∗∗ 58.55∗ 73.83∗∗ 72.51∗∗ 111.31∗ 93.87∗∗

(3) 23.12∗∗ 44.67∗ 35.69∗∗ 48.95∗∗ 47.70∗∗ 56.63∗∗ 72.91∗∗ 69.62∗∗ 110.93∗ 93.53∗∗

AR(1)
(1) 21.82∗∗ 36.65∗ 34.40∗∗ 44.22∗ 45.54∗∗ 52.76∗∗ 67.88∗∗ 67.41∗∗ 103.42∗∗ 91.73∗∗

(2) 22.29∗∗ 35.91∗ 34.80∗∗ 44.06∗ 45.92∗∗ 52.81∗∗ 67.92∗∗ 67.51∗∗ 103.77∗∗ 90.38∗∗

(3) 22.12∗∗ 35.10∗ 34.64∗∗ 43.00∗ 45.75∗∗ 51.36∗∗ 67.25∗∗ 65.35∗∗ 103.28∗∗ 91.50∗∗

Random Walk 20.47∗∗ 31.24∗∗ 40.52∗∗ 57.96∗∗ 87.83∗∗

10-Years Yield
Taylor Rule

(1) 23.45∗ 45.40∗ 37.03∗∗ 49.36∗∗ 49.69∗∗ 56.90∗∗ 76.59∗∗ 69.04∗∗ 115.10 91.29∗

(2) 24.11∗ 45.61 37.09∗∗ 51.22∗ 49.64∗∗ 58.81∗ 76.05∗∗ 71.49∗∗ 114.94 90.81∗∗

(3) 23.62∗ 45.38 36.54∗∗ 49.64∗∗ 49.04∗∗ 56.96∗∗ 75.20∗∗ 68.70∗∗ 114.76 90.57∗∗

AR(1)
(1) 21.74∗∗ 36.85∗ 34.22∗∗ 44.23∗ 45.39∗∗ 52.44∗∗ 67.39∗∗ 65.66∗∗ 104.23∗ 88.04∗∗

(2) 22.63∗ 36.53 35.30∗∗ 44.40∗ 46.61∗∗ 52.77∗∗ 68.39∗∗ 65.96∗∗ 104.98∗ 86.62∗∗

(3) 22.49∗ 35.84 35.17∗∗ 43.52∗ 46.50∗∗ 51.54∗∗ 67.84∗∗ 64.03∗∗ 104.72∗ 88.03∗∗

Random Walk 20.37∗∗ 30.79∗∗ 39.76∗∗ 55.43∗∗ 83.04∗∗

Table 17: Out-of-sample Forecast Dynamic Nelson-Siegel Model 2016
The table shows the RMSE of 1-, 2-, 3-, 6- and 12-months ahead forecasts of the U.S. treasury yield curve for
the period covering January 2000 to May 2020. The models are re-estimated at each month, such that the
sample is expanded at each step by one observation point starting in January 2016. Bold entries indicate the
lowest RMSE for a given maturity. ∗ and ∗∗ indicate the models in the 90% and 75% superior confidence
set, respectively.
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1-Month 2-Months 3-Months 6-Months 12-Months

1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes 1 Regime 2 Regimes

3-Months Yield
Taylor Rule

(1) 21.87∗∗ 20.78∗∗ 33.03∗∗ 32.49∗∗ 42.31∗∗ 41.93∗∗ 52.28∗∗ 56.34 79.36∗∗ 94.48
(2) 20.59∗∗ 21.94∗∗ 31.84∗∗ 32.70∗∗ 38.85∗∗ 41.96∗∗ 41.07∗∗ 56.83∗ 77.93∗∗ 93.43
(3) 20.44∗∗ 21.14∗∗ 31.60∗∗ 31.94∗∗ 38.57∗∗ 41.12∗∗ 40.76∗∗ 55.97∗ 76.66∗∗ 92.48

AR(1)
(1) 21.13∗∗ 19.76∗∗ 33.61 31.35∗∗ 43.64 41.09∗∗ 61.00 54.90 97.92 94.02
(2) 20.28∗∗ 21.51∗∗ 31.28∗∗ 32.52∗∗ 38.68∗∗ 42.09∗∗ 43.51∗∗ 57.31∗ 82.91 93.97
(3) 20.03∗∗ 19.95∗∗ 30.86∗∗ 30.31∗∗ 38.07∗∗ 39.50∗∗ 43.10∗∗ 53.58 81.34∗ 91.73

Random Walk 21.17∗∗ 33.76 43.96 61.20 97.63

2-Years Yield
Taylor Rule

(1) 21.09∗∗ 20.57∗∗ 33.23∗∗ 31.10∗∗ 44.67∗∗ 41.22∗∗ 60.95∗∗ 60.17∗∗ 91.50∗∗ 100.85∗

(2) 18.61∗∗ 21.20∗∗ 30.48∗∗ 30.71∗∗ 39.34∗∗ 40.42∗∗ 52.36∗∗ 60.60∗∗ 92.28∗∗ 100.20∗

(3) 18.41∗∗ 20.14∗∗ 30.17∗∗ 30.06∗∗ 38.93∗∗ 39.83∗∗ 51.95∗∗ 59.93∗∗ 91.02∗∗ 99.41∗

AR(1)
(1) 20.87∗∗ 19.31∗∗ 34.47 30.23∗∗ 46.95 40.49∗∗ 69.16 59.10 106.47∗ 100.37∗

(2) 18.68∗∗ 21.58∗∗ 30.74∗∗ 31.06∗∗ 40.22∗∗ 40.93∗∗ 54.03∗∗ 61.03∗∗ 94.73∗ 100.39∗

(3) 18.22∗∗ 18.63∗∗ 30.08∗∗ 28.91∗∗ 39.34∗∗ 38.56∗∗ 53.38∗∗ 58.08∗∗ 92.99∗∗ 98.77∗

Random Walk 21.01∗ 34.71 47.36 69.57 106.49∗

5-Years Yield
Taylor Rule

(1) 23.71∗∗ 23.37∗∗ 36.31∗ 33.74∗∗ 47.68∗ 43.15∗∗ 62.90∗∗ 60.03∗∗ 88.80∗∗ 93.79∗∗

(2) 21.08∗∗ 23.84∗∗ 33.24∗∗ 33.31∗∗ 41.81∗∗ 42.32∗∗ 55.87∗∗ 60.68∗∗ 89.44∗∗ 93.62∗∗

(3) 20.86∗∗ 22.81∗∗ 32.92∗∗ 32.68∗∗ 41.37∗∗ 41.71∗∗ 55.36∗∗ 60.00∗∗ 88.21∗∗ 92.80∗∗

AR(1)
(1) 23.41∗∗ 22.07∗∗ 37.19 32.73∗∗ 49.47 42.18∗∗ 69.69 58.85∗∗ 99.42∗∗ 92.86∗∗

(2) 21.27∗∗ 24.33∗∗ 33.73∗∗ 33.78∗∗ 43.01∗∗ 42.93∗∗ 57.75∗∗ 61.19∗∗ 91.07∗∗ 93.76∗∗

(3) 20.75∗∗ 21.33∗∗ 32.99∗∗ 31.55∗∗ 41.98∗∗ 40.40∗∗ 56.78∗∗ 58.27∗∗ 88.91∗∗ 91.87∗∗

Random Walk 23.67∗ 37.60 50.09 70.32 100.09∗∗

8-Years Yield
Taylor Rule

(1) 24.06∗∗ 23.61∗∗ 36.73∗ 33.92∗∗ 48.09 43.07∗∗ 61.94∗∗ 57.94∗∗ 85.20∗∗ 87.39∗∗

(2) 21.27∗∗ 23.93∗∗ 33.80∗∗ 33.41∗∗ 42.35∗∗ 42.26∗∗ 55.49∗∗ 58.64∗∗ 85.17∗∗ 87.37∗∗

(3) 21.07∗∗ 22.93∗∗ 33.50∗∗ 32.82∗∗ 41.92∗∗ 41.61∗∗ 54.97∗∗ 57.93∗∗ 84.06∗∗ 86.55∗∗

AR(1)
(1) 23.78∗∗ 22.46∗∗ 37.61∗ 32.95∗∗ 49.71 42.09∗∗ 67.82 56.72∗∗ 92.04∗∗ 86.19∗∗

(2) 21.48∗∗ 24.45∗∗ 34.37∗∗ 33.90∗∗ 43.73∗∗ 42.94∗∗ 57.82∗∗ 59.25∗∗ 86.51∗∗ 87.56∗∗

(3) 21.02∗∗ 21.61∗∗ 33.69∗∗ 31.74∗∗ 42.71∗∗ 40.35∗∗ 56.72∗∗ 56.25∗∗ 84.11∗∗ 85.42∗∗

Random Walk 24.00∗ 38.10 50.57 69.38∗ 95.93∗∗

10-Years Yield
Taylor Rule

(1) 23.85∗∗ 23.27∗∗ 35.97∗ 33.20∗∗ 47.08 42.00∗∗ 60.32∗∗ 56.04∗∗ 82.65∗∗ 83.77∗∗

(2) 21.09∗∗ 23.09∗∗ 33.46∗∗ 32.31∗∗ 41.82∗∗ 41.00∗∗ 54.45∗∗ 56.57∗∗ 82.51∗∗ 83.69∗∗

(3) 20.97∗∗ 22.17∗∗ 33.22∗∗ 31.83∗∗ 41.41∗∗ 40.39∗∗ 53.92∗∗ 55.91∗∗ 81.45∗∗ 82.92∗∗

AR(1)
(1) 23.64∗∗ 22.47∗∗ 37.24∗ 32.52∗∗ 49.15 41.31∗∗ 66.48 55.00∗∗ 88.62∗∗ 82.53∗∗

(2) 21.24∗∗ 23.56∗∗ 34.05∗∗ 32.78∗∗ 43.35∗∗ 41.73∗∗ 57.15∗∗ 57.24∗∗ 83.92∗∗ 83.91∗∗

(3) 20.96∗∗ 21.26∗∗ 33.55∗∗ 31.02∗∗ 42.47∗∗ 39.43∗∗ 56.10∗∗ 54.42∗∗ 81.47∗∗ 81.75∗∗

Random Walk 23.50∗∗ 37.38 49.71 68.05∗∗ 93.81∗∗

Table 18: Out-of-Sample Forecast Arbitrage-Free Short Rate based Model 2016
The table shows the RMSE of 1-, 2-, 3-, 6- and 12-months ahead forecasts of the U.S. treasury yield curve for
the period covering January 2000 to May 2020. The models are re-estimated at each month, such that the
sample is expanded at each step by one observation point starting in January 2016. Bold entries indicate the
lowest RMSE for a given maturity. ∗ and ∗∗ indicate the models in the 90% and 75% superior confidence
set, respectively.
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