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Collective emotion is often inferred from the tone of mass media,
but such emotion is not directly observed. One approximation is
to extract sentiment from text and use sentiment indexes as prox-
ies to study the temporal organization of news sentiment. Using a
daily index of U.S. economic news sentiment from 24 newspapers
(1980–2025), we examine whether the response time of this senti-
ment process has changed. Although the average balance of positive
and negative coverage has remained broadly stable, the persistence
of news sentiment states has increased substantially. In dynamical
terms, this implies longer residence times in optimistic or pessimistic
regimes and weaker short-run correction of sentiment shocks. Com-
plementary statistics show declining sentiment volatility, fewer rever-
sals, and increasing bimodality, i.e. a stronger separation between
positive and negative sentiment states. We also find an asymmetry
between bursts of negative and positive sentiment, with negative
bursts tending to last longer. These patterns are consistent with a
minimal endogenous-memory model in which a slowly evolving latent
sentiment component becomes more persistent while short-range
corrective feedback weakens. The findings indicate a change in the
temporal response of the U.S. economic newspaper sentiment index
over the last 45 years, with sentiment shocks leaving longer traces
than expected under short-memory exponential decay. News-based
sentiment is thus better modeled as persistent episodes rather than
as daily reactions that reset after each event.

Collective emotion, proxied by the tone of mass media and
digital communication streams, is a central driver of attention
and choice in complex socio-economic systems (1). Narratives
generated by news reflect and shape belief dynamics. They can
become contagious stories that coordinate expectations and
behavior, and sometimes detach from underlying structural
drivers (2–6). In large-scale information ecosystems, these
narratives contribute to shaping how citizens perceive society,
political conflict, crises, and institutional performance. Fluc-
tuations in news sentiment thus act as a macroscopic state
variable supporting the interpretation of new events rather
than merely tracking them (7–9). Text-based indicators de-
rived from news outlets are shown to move systematically
with macroeconomic conditions, policy actions, and geopo-
litical shocks (10, 11). Digital traces of collective emotion
and online communication further show that responses can
be long-lived, socially reinforced, and organized in clustered
avalanches (12–17).

The modern news ecosystem is not a passive mirror of the
underlying state of the system. It is embedded in evolving
media infrastructures that couple editorial decision-making,
platform algorithms, and audience feedback loops (18, 19).
Text from news articles and social media has been used to
construct measures of sentiment, attention, and uncertainty,
which have been linked to macroeconomic forecasting, financial

Significance Statement

News sentiment is often treated as
a reflection of events, but the way
it remembers shocks matters as
much as its average level. Using
a 45-year daily index of U.S. eco-
nomic news sentiment, we show
that the balance of positive and
negative news has stayed roughly
constant, while the temporal persis-
tence of sentiment has increased
over time. Swings have gotten
smaller, coverage has stayed up-
beat or downbeat for longer, and
shocks have faded more slowly.
Bursts of negative news sentiment
tend to last longer. A simple model
including stronger sentiment mem-
ory and weaker corrections repro-
duces this shift. Forecasting and
risk models should not treat news
sentiment as an instantaneous sig-
nal, but account for its response and
memory of past shocks.

Author affiliations: aDepartment of Economics, Ghent
University, 9000 Ghent, Belgium; bDepartment of
Physics and Astronomy, Ghent University, 9000 Ghent,
Belgium

There are no competing interests.
1To whom correspondence should be addressed. E-
mail: luis.rocha@ugent.be

© The Author(s) 2026. Published by Oxford University Press on behalf of National Academy of Sciences. This is an Open Access  
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which 
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

1

ACCEPTED M
ANUSCRIPT

D
ow

nloaded from
 academ

ic.oup.com
/pnasnexus/advance-article/doi/10.1093/pnasnexus/pgag318/8810609 by guest on 29 Septem

ber 2026

www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX


DRAFT

volatility, and variation in political perceptions across social
groups (10, 20–24). These couplings create feedback loops
in which local coverage can amplify or dampen the impact
of shocks on beliefs and investor trading (25). Ranking and
recommendation systems, on the other hand, reshape user
exposure to diverse viewpoints and the diffusion of misinfor-
mation (26–32). Observed news sentiment can thus be under-
stood as an emergent signal shaped by these coupled socio-
technical dynamics (18, 19, 33). Automation extends these
loops from curation to content production. Automated jour-
nalism systems and bots scale targeted, emotionally charged
narratives (34–36), while journalists and editors increasingly
rely on real-time engagement metrics and social feedback when
selecting and repeating stories (33, 37, 38). Such reinforcing
infrastructures suggest that changes in media organization
may alter not only the level of news sentiment but also how
shocks are amplified, filtered, or repeated.

Prior research has mainly used news sentiment as an indica-
tor or predictor of economic, financial, and political outcomes.
In this paper, we study the temporal memory of the sentiment
process itself. We analyze both the sentiment level, to capture
how long sentiment remains in a state, and its daily change,
which reflects short-run correction and reversal after shocks.
By using a specific lexicon-based sentiment index of economic
news from major U.S. newspapers, we show that while the av-
erage level of the news sentiment is broadly stable over nearly
five decades, its temporal organization is not. Using historical
periods as reference points, we find that the social-media pe-
riod is associated with stronger short-scale persistence, with
sentiment states reversing less quickly than in earlier periods.
We quantify long-range dependence using the Hurst exponent
H estimated via detrended fluctuation analysis (DFA), which
captures how sentiment depends on its past across different
timescales (39, 40). We show that the observed temporal shifts
can be reproduced by a minimal endogenous-memory model
in which a long-memory latent sentiment component and a
short-range feedback process match the drift in Hurst expo-
nents across media periods. The volatility and frequency of
sentiment swings decline while bimodality increases, allowing
strongly positive or negative sentiment states to persist. We
also find an increasing asymmetry between bursts of negative
and positive sentiment, with negative ones lasting longer. Our
results suggest that this U.S. economic news sentiment has
shifted from a more reactive process, in which shocks were
corrected relatively quickly, towards a regime in which the
current tone lasts longer. This implies that news sentiment
should be modeled as a persistent dynamical state rather than
a short-memory signal that relaxes exponentially after each
event.

News data and sentiment index. We analyze the daily news
sentiment index introduced by Shapiro et al. (11, 41), which
was designed to measure the sentiment of economic and finan-
cial articles from U.S. newspapers. The corpus is obtained
from Factiva (www.dowjones.com/business-intelligence/factiva/).
To address the specificity of economic news and reduce sensi-
tivity to lexicon choice (42), they developed a domain-specific
scoring model in two steps. First, they used the Vader sen-
tence classifier (43) combined with the Loughran-McDonald
finance lexicon (44) and the Hu-Liu online reviews lexicon (45)
to assign a positive, negative, or neutral sentiment to each
sentence. Then, they counted how often each word in their full

corpus appeared in each of the three classes and used pointwise
mutual information to score words by their association with
positive and negative sentences. The overall sentiment of a
word is then the difference between the positive and negative
mutual information. The final article-scoring model combines
this new lexicon with the two lexicons above and applies a
negation rule (i.e., multiplying the score by −1 if the word
is preceded within three words by a negation term). The
sentiment score sa of article a is then the average of the word
sentiment scores in a. A sample of 800 articles, manually rated
by research assistants, indicated that this model performed
better than alternative lexical models and was preferred to
machine-learning methods, specifically bag-of-words, GloVe,
and BERT. BERT provided similar performance in a smaller
test set but was not used because of lower transparency and
limited sample size.

Article-level scores are aggregated into a daily time series
using a fixed-effects regression, which estimates separate effects
for each day and newspaper × article-type combinations:

sa = ft(a) + fp(a),j(a) + εa [1]

where t(a) is the article publication day, j(a) is the news-
paper, and p(a) is the article type (editorial or regular article).
The variables ft(a) and fp(a),j(a) are the sample-day and news-
paper × article-type fixed effects, respectively. The day fixed
effect captures the common sentiment component of all articles
published on that day, while the interaction captures the usual
baseline tone of each outlet/type combination. The newspaper
× article-type effects remove persistent baseline differences
across outlets and between editorials and regular articles, so
the index is an adjusted measure of daily economic newspaper
sentiment rather than a raw average of article scores. The es-
timated day effects (f̂t = xt) at day t give the daily sentiment
index we analyze in the following sections. Values near zero
should be understood as weak or balanced sentiment, not that
the article or day is substantially neutral.

This method improves comparability over time, but does
not fully control for changes in article volume, topic composi-
tion, journalistic style and editorial routines, semantic drift, or
time-varying sentiment intensity within newspaper/type cate-
gories. At the monthly level, however, the full news sentiment
index is strongly correlated (r = 0.59) with the University
of Michigan Consumer Sentiment Index (based on surveys),
reaching up to r = 0.74 after 2005 (11). We therefore inter-
pret the results as changes in the temporal organization of
the economic-news sentiment measure, rather than as direct
measurements of public emotion or the full news ecosystem.

Temporal structure of U.S. news sentiment. We analyze the
daily index of U.S. economic news sentiment from 1 Jan-
uary 1980 to 27 October 2025 (N = 16, 737 days), summariz-
ing the aggregate economic tone across 24 U.S.-based newspa-
pers (41). We first characterize the basic temporal properties
of the news sentiment index. Figure 1A shows that the news
sentiment index xt fluctuates around a stable mean, with no
evidence of large long-term drift or regime shifts in the mean.
Augmented Dickey-Fuller (ADF) tests reject a unit root (-7.44,
p < 0.001), while Kwiatkowski-Phillips-Schmidt-Shin (KPSS)
tests reject strict level-stationarity (0.98, p < 0.01), consistent
with a mean-reverting but persistent series. For the first differ-
ences , or daily changes, ∆xt = xt − xt−1, ADF also strongly
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Fig. 1. Statistical characterization of the daily news sentiment index from 1980 to
2025. (A) Time series of the sentiment index xt and the rolling mean (28 days), with
gray shading marking major macroeconomic events (Volcker disinflation, dot-com
bubble, global financial crisis, COVID-19). Autocorrelation function (ACF) for (B) the
sentiment index xt and its (C) first difference ∆xt = xt − xt−1.

rejects a unit root (−31.78, p < 0.001) and KPSS does not
reject stationarity (0.02, p = 0.10), indicating stationary noise
around zero. These daily changes capture short-run correction
and reversal. The autocorrelation function (ACF) for xt starts
around 0.35 at lag 1 and decays slowly with a mild weekly
oscillation, whereas the ACF of ∆xt shows a negative spike
at lag 1 and then fluctuates around zero (Figs. 1B-C). Daily
linear predictability is modest, suggesting that most structure
emerges over longer horizons. Spectral analysis of xt reveals
statistically significant weekly and annual cycles, together with
a small number of peaks at periods of approximately 3.5, 824,
929, and 1,054 days. We interpret these regular oscillations
as reflecting the news production schedule and remove them
before the scaling analysis by estimating and subtracting a
seasonal component via standard methods (see Methods).

The distribution of sentiment scores is broad and non-
Gaussian. Kolmogorov-Smirnov (KS) and Shapiro-Wilk (SW)
normality tests reject Gaussian marginals for both series. Fur-
thermore, Hill tail exponents on the upper tails of absolute
standardized residuals give α̂x ≈ 4.28 and α̂∆x ≈ 3.76, im-
plying finite variance in both cases, with moderately heavier
tails for daily changes than for the index itself. We apply a
standard Hampel filter before the scaling analysis to limit the
influence of isolated extreme observations (see Methods).

Slow–moving sentiment and short–lived daily swings. To
quantify memory across timescales, we estimate Hurst ex-
ponents using detrended fluctuation analysis (DFA), which
measures how fluctuations grow with the observation scale
and therefore how strongly sentiment depends on its past
(see Methods). DFA on the raw sentiment index suggests
two–segment scaling with a crossover around s ≈ 110 days but
an unrealistically low large–scale exponent (Hx ≈ 0), which

Model
Index - DFA2

7-81 days 81-1095 days

empirical 0.67 [0.66, 0.68] 0.94 [0.92, 0.97]

shuffle 0.53 [0.52, 0.55]‡ 0.50 [0.45, 0.55]‡

block 0.68 [0.66, 0.71]× 0.15 [−0.33, 0.62]×

AR(1) 0.73 [0.72, 0.75]‡ 0.52 [0.47, 0.57]‡

IAAFT 0.67 [0.67, 0.67]× 0.97 [0.95, 0.98]†

Model
First differences - DFA1

2-8 days 49-1095 days

empirical 0.43 [0.28, 0.58] 0.03 [0.03, 0.03]

shuffle 0.40 [0.39, 0.41]‡ 0.005 [0.005, 0.006]‡

block 0.43 [0.41, 0.44]× 0.05 [0.04, 0.06]‡

AR(1) 0.57 [0.56, 0.59]‡ 0.01 [0.01, 0.01]‡

IAAFT 0.43 [0.42, 0.43]× 0.03 [0.03, 0.04]‡

Table 1. Hurst exponents estimated on daily news sentiment. Each
cell reports H with 95% confidence intervals. Empirical intervals are
95% regression C.I.s from DFA slope fits. Null model intervals are
percentile intervals from 500 realizations. Superscripts denote two-
sided Monte Carlo p-values: × for p > 0.05, † p < 0.05, ‡ p < 0.01.

would imply strong anti–persistence in the slow component
of sentiment (Fig. 2A). This estimate is inconsistent with the
smooth low–frequency evolution and likely reflects residual
publication cycles and extreme days. This motivates using
the preprocessed series when characterizing long-range persis-
tence. The deseasonalised, Hampel-filtered series xdh

t shows
a crossover at s ≈ 81 days (Fig. 2A). The short–scale regime
(7 ≤ s ≤ 81 days) has Hx ≈ 0.67, indicating weak persistence,
i.e. positive (negative) sentiment tends to be followed by sim-
ilar tone over weekly–to–quarter intervals. At longer scales
(81 < s ≤ 1095 days), the exponent increases towards unity
Hx ≈ 0.95, approaching the 1/f boundary of long-memory
dynamics. In this regime, fluctuations in the sentiment index
decay more slowly than exponentially and remain persistent
over multi–month to multi–year horizons.

The fluctuation curve for ∆xt bends sharply after about
a week (Fig. 2B), so we analyze one fixed interval for weekly
behavior (2–8 days), and another for longer-horizon variation
in daily shocks (49–1095 days). In the weekly band, incre-
ments are mildly anti–persistent with H∆x ≈ 0.43 for the raw
differences and H ≈ 0.42 for the pre–processed differences
∆xdh

t , indicating that positive shocks tend to be followed by
partial reversals rather than like–signed moves. At longer
horizons, the differences are nearly memoryless (H∆x ≈ 0.03).

We benchmark the results against four null models preserv-
ing different features of the time series (see Methods). Table 1
shows that in the short-scale regime, the exponent Hx = 0.67
differs significantly from i.i.d. shuffle and parametric AR(1)
nulls (both p < 0.01), but is statistically indistinguishable
from a moving–block bootstrap and IAAFT models preserving
the empirical spectrum and marginal distribution. Thus most
of the weak persistence at weekly–to–quarter scales can be
explained by short–range dependence and the observed power
spectrum, with little evidence for additional non-linear struc-
ture. In the long-scale regime, the exponent Hx = 0.94 is well
above the i.i.d. and AR(1) nulls (both p < 0.01), showing that
the second scaling interval is not explained simply by indepen-
dent fluctuations or short-memory autoregression. However,
the estimate is close to the spectrum-preserving IAAFT model.
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Fig. 2. Estimated Hurst exponents. Log–log fluctuation functions for (A) the raw
sentiment index xt (circles) and the deseasonalised, Hampel-filtered series xdh

t

(diamonds), with vertical dashed lines for the automatically detected crossover scales,
and (B) the first differences ∆xt (circles) and ∆xdh

t (diamonds), with two fixed scale
intervals (2–8 and 49–1095 days). Grey points were excluded from fitting. Rolling
Hurst exponents for (C) the index at short scales (7–s∗ days) and (D) first differences
at short scales (2–8 days). Orange lines are the empirical Hurst estimates. Shaded
regions indicate 95% Newey-West confidence intervals for the linear trends, adjusted
for overlapping windows. Dashed lines mark the full sample α = H.

The small difference between empirical and IAAFT exponents
(on the order of 0.03) suggests that most of the long-scale
exponent is already captured by the empirical low-frequency
spectrum, rather than by higher-order nonlinear structure.
The block bootstrap, which reorders annual segments without
preserving the full spectrum, generates much smaller expo-
nents (Hx ≈ 0.15), because it disrupts the global low-frequency
organization of the series. Thus, the long-scale regime should
be interpreted mainly as strong linear low-frequency orga-
nization in the sentiment index, with only modest residual
differences from a spectrum-preserving baseline. For the first
differences, mild anti-persistence at weekly scales and very
weak scaling at longer horizons are fully compatible with short-
range dependence and the empirical spectrum. That is, while
the sentiment index exhibits slow drift, the high-frequency
shocks remain close to short-memory noise.

For self-affine processes with a single scaling regime, the
exponents are related by H∆x ≈ 2Hx − 1. Our estimates
show that this mapping is only locally valid, because the index
series exhibits a clear crossover. At weekly–to–quarter scales,
Hx ≈ 0.67 while H∆x ≈ 0.42, capturing a mildly persistent
macroscopic state with anti-persistent, self-correcting day-to-
day shocks. Beyond roughly 3 months (the crossover), the
mapping no longer holds, since the signal enters a second
regime (Hx ≈ 0.94, close to the 1/f boundary), whereas
increments are nearly memoryless (H∆x ≈ 0.03).

These findings indicate a scale-dependent integrated signal
in which daily U.S. news sentiment carries slowly decaying
memory, while daily increments behave as short-lived per-
turbations. Up to roughly three months, the background

sentiment shows weak long-range dependence, consistent with
the persistence of slowly evolving narrative frames. At longer
scales, imbalances in positive versus negative coverage accumu-
late into a slowly drifting state, while the increments capture
high-frequency perturbations that tend to self-correct rather
than compound. Sustained changes arise when many small
directional nudges align over extended periods, rather than
from isolated news shocks.

Drifting persistence in news sentiment across media eras. To
examine whether persistence changes over time, we compute
Hurst exponents in rolling windows of 1,095 days (shifted by
182 days) and track their evolution. We then regress these local
exponents on calendar time, splitting into three historical peri-
ods: 1980–1995 (pre-www), 1996–2008 (www), and 2009–2025
(social media platforms). These reference periods correspond
to broad changes in news production and distribution. The
pre-web period corresponds to a mainly print-centered news
environment, the web period to the expansion of online publi-
cation and faster update cycles, and the social-media period to
platform-mediated circulation, audience metrics, and stronger
feedback between publication and engagement.

At short scales (7 ≤ s ≤ s∗), the rolling exponents for
the index display a pronounced U-shaped evolution (Fig. 2C).
Persistence weakens in the pre-web period (β = −0.0046 per
year, 95% CI [−0.0085, −0.0008]), is essentially flat during
the early web years (β = −0.0004, [−0.0060, 0.0053]), and
increases again after 2009, with a positive and significant
trend (β = 0.0062, [0.0021, 0.0103]). From the fitted linear
trends, the start-to-end fitted changes in the Hurst exponent
are −0.067 Hurst units in the pre-web period, −0.005 in the
web period, and +0.090 after 2009. At longer scales (s∗ ≤ s ≤
546), trends are weak and not statistically different from zero,
indicating that very slow organization remains broadly stable
(see SI). The crossover breakpoint s∗ typically lies between
about 3 and 8 months (median 145 days, IQR: [96.5,233.5]
days).

Trends are more pronounced for the first differences
(Fig. 2D). The series remains anti-persistent (H < 0.5) at
weekly scales, but the short-scale slopes are indistinguishable
from zero pre-web (β = 0.0011, 95% CI [−0.0010, 0.0031]),
clearly positive in the web period (β = 0.0050, [0.0035, 0.0066]),
and smaller but still weakly positive after 2009 (β = 0.0015,
[0.0000, 0.0029]). The start-to-end linear fitted changes in the
Hurst exponent are positive in all periods: ≈ 0.016 (pre-web),
0.063 (web), and 0.022 (after 2009). Because H < 0.5 at the
weekly scale, daily shocks still self-correct but the upward
trends indicate weaker mean reversion over time. Positive
slopes are also observed at longer scales, being strongest in
the pre-web and social-media periods (see SI).

The rolling analysis therefore indicates that the main em-
pirical change is not a drift in average sentiment, but a change
in the response time of the sentiment process. Short-scale
persistence rises after a period of pre-web weakening, while
the very slow organization of the sentiment index remains
relatively stable. Daily shocks still dissipate rather than build
into permanent trends, but they fade more slowly, especially at
weekly horizons, leaving a longer residual imprint before disap-
pearing. As the Hurst exponents increase in the social-media
period, stretches of positive or negative sentiment become
easier to sustain, suggesting a shift from a more reactive
news-sentiment process toward a more state-dependent one,
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Fig. 3. Empirical and modeled rolling Hurst exponents. Panels show the rolling (A)
DFA2 slopes for the sentiment index on scales 7–81 days and (B) DFA1 slopes for
first differences on scales 2–8 days. We show the median and interquartile range
(shaded area) from 100 random realizations.

in which current tone increasingly conditions future tone over
weekly-to-quarterly horizons.

A mesoscopic endogenous-memory model of news sentiment.
The estimated Hurst exponents suggest that daily news senti-
ment behaves like a coarse-grained observable of underlying
sentiment dynamics driven by high-frequency shocks. We
capture this behavior by proposing a minimal mechanistic
model in which sentiment is the superposition of a slow latent
sentiment component xL

t and a fast shock yt at time t:

xt = xL
t + yt [2]

This decomposition separates slow changes in background
sentiment from short-lived daily fluctuations. The model
is intended as a descriptive representation of the observed
temporal structure. The slow component xL

t captures a slowly
evolving sentiment background or macro-narrative component.
We model it as a fractional Gaussian noise process, a standard
representation of long-memory dynamics, with period-specific
memory parameter dk in period k. The corresponding Hurst
exponent is thus Hk = 0.5 + dk and the autocovariance decays
as a power law in the day-lag. Larger values of dk correspond to
a heavier-tailed memory profile and a more persistent carryover
of past sentiment into future coverage.

The fast component yt captures high-frequency shocks and
local corrections. We model yt as a driftless AR(1) process with
a period-specific feedback coefficient ϕk and a weak (ω > 0)
dependence of shock (εt) amplitude on the previous state:

yt = ϕk yt−1 +
√

1 + ωy2
t−1 εt, εt ∼ N (0, 1) [3]

The parameter ϕk represents the short-range feedback gain.
A more negative ϕk generates anti-persistent daily increments
and local mean reversion, while more positive ϕk weakens this
corrective feedback and allows shocks to relax more slowly.
When |ϕk| is close to zero, shocks die out faster.

Figure 3 shows that the model, calibrated using an op-
timisation procedure, reproduces the main temporal or-
ganization of the DFA exponents at shorter scales. For
the sentiment index, empirical and model exponents on
7–81 day scales show good agreement (median correlation
≈0.56[0.48, 0.60], RMSE ≈0.069[0.065, 0.072], median nega-
tive bias ≈−0.033[−0.038, −0.028], where brackets denote the
interquartile range Q1–Q3). Agreement is stronger for first
differences on 2–8 day scales (respectively ≈0.59[0.54, 0.65],
≈0.035[0.033, 0.037], and ≈0.006[0.003, 0.008]). The best-
fitting parameter set achieves a median global loss L ≈ 1.54
(see Methods). The model slightly underestimates short-scale
persistence in the early periods and slightly overestimates it
for short-scale differences in the most recent period, but it
captures the overall drift and level of persistence across time.
The calibrated values show that the model can reproduce the
observed scaling patterns, but they should not be seen as
unique estimates of the true underlying process.

The endogenous-memory mechanism implies that sentiment
memory strengthens across periods (dk ≈ (0.28, 0.36, 0.45)),
producing a longer-lived slow component. At the same time,
short-run corrective feedback weakens, with ϕk moving from
weak local correction (ϕ1 ≈ −0.03) in the pre-web period to
nearly white-noise dynamics (ϕ2 ≈ 0.04) and then short-run
persistence (ϕ3 ≈ 0.26) in the social media period. Past senti-
ment is therefore integrated over longer horizons, while daily
shocks are less strongly counteracted and can eventually be re-
inforced. These two interpretable mechanisms are sufficient to
reproduce the observed shift from event-reactive (early period)
to state-dependent sentiment dynamics (recent times), i.e.
longer-lived sentiment in xt and weaker short-run correction
in ∆xt. The stochastic model should therefore be interpreted
as a minimal generative mechanism, not as a uniquely identi-
fied structural model because additional mechanisms may also
contribute to the dynamics.

Bimodality, persistence, and the dynamics of news sentiment.
The scaling analysis characterizes how fluctuations aggregate
across time, i.e. signal persistence across multiple scales. To
contrast this with more local organization, we compute three
rolling metrics that capture different within-window aspects of
the dynamics (Fig. 4). Volatility, defined as the within-window
standard deviation of sentiment, captures amplitude variations.
It declines from roughly 0.020 to 0.014, implying that typical
day-to-day moves have become smaller. The zero-crossing rate,
which measures how often (demeaned) sentiment changes sign,
falls from about 0.47 to 0.35, indicating fewer sign flips and
longer runs of like-signed days. The bimodality coefficient,
BC = (ν2 + 1)/κ (with index skewness ν and kurtosis κ),
captures the shape of the distribution of sentiment scores. It
rises from nearly 0.24 to 0.35, indicating that sentiment values
concentrate more often in clearly positive or negative ranges
and less around neutral levels. These shifts indicate that
daily sentiment has become less volatile but more organized
into extended positive or negative phases. These patterns are
consistent with the scaling results. As short-scale persistence
in the sentiment level strengthens, the within-window statistics
indicate that news sentiment spends more time in positive
or negative configurations and less time fluctuating around a
single center.
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Fig. 4. Rolling organization and burst statistics of daily news sentiment. Panels show
1,095-day rolling within-window measures (shifted 182 days) of (A) volatility (within-
window standard deviation), (B) zero-crossing rate, and (C) bimodality coefficient, with
95% C.I.. Gray shading marks major macroeconomic events (Volcker disinflation, dot-
com bubble, global financial crisis, COVID-19). (D) The complementary cumulative
distributions (CCDFs) for negative sentiment bursts of burst magnitudes (sum of the
absolute daily sentiment within a burst). Axes are in log scale.

Heavy-tailed, asymmetric burst dynamics of news sentiment.
Daily news sentiment has intermittent bursts of unusually high
or low values. We define positive and negative bursts sepa-
rately, where xt exceeds a high quantile (q > 0.9) or falls below
a low quantile (q < 0.1). The inter-burst interval ∆Ti is the
elapsed time between bursts. The burst-start process is overdis-
persed, with burstiness (σ∆T − µ∆T )/(σ∆T + µ∆T ) ≈ 0.35 in-
dicating more variability than a Poisson process, and positive
serial dependence (lag-1 memory corr(∆Ti, ∆Ti+1) ≈ 0.25),
i.e. long and short gaps tend to follow gaps of similar length
and bursts tend to arrive in temporally clustered episodes
rather than independently over time (16).

The variability of burst counts grows faster than their mean
when we move from monthly to quarterly windows. Inter-event
times ∆Ti and burst magnitudes (sum of within-burst |xt|) are
strongly heavy-tailed, with power-law exponents γ ≈ 2.5–4.0
(Fig. 4D), and steeper tails for positive sentiment. Burst
durations (consecutive days in a burst) show sign-asymmetry
with positive bursts well described by a geometric function
(short, near-memoryless durations). In contrast, negative
durations have heavier tails (longer-lasting episodes) and are
less cleanly separated between power-law and geometric fits
(see SI).

Because the inter-event exponents satisfy γ > 2, heavy-
tailed renewal statistics alone are unlikely to generate the
observed large Hurst exponents. Persistent sentiment regimes
and sign-specific burst dynamics must also contribute. The
heavy tails of burst magnitudes show that bursts, especially
negative ones, can be large, while shorter, near-geometric posi-
tive durations help reconcile strong long-run persistence in the
index with anti-persistent daily increments. This asymmetric
avalanche structure (large, heavy-tailed negative bursts and
shorter but frequent positive episodes) allows strongly signed
sentiment regimes to occupy a larger fraction of time, making

it easier to sustain extended periods of positive or negative
coverage, consistent with longer residence times in positive or
negative sentiment states.

Conclusions

We analyzed an economic and financial news-based sentiment
index of U.S. newspapers over 45 years. Our results show that
the temporal memory of this sentiment index has lengthened
over the past four decades. Daily shocks have become smaller
but more temporally organized, short-scale persistence has
strengthened, and aggregate sentiment now exhibits longer
residence times in optimistic and pessimistic regimes. In our
model, this shift corresponds to stronger endogenous senti-
ment memory and weaker short-range corrective feedback, a
combination that produces more sustained sentiment regimes
without changes in mean tone. These results identify a change
in the temporal structure of the sentiment index, albeit not the
exact causal mechanisms producing that change. In dynamical
terms, when memory deepens and short-range corrective feed-
back weakens, fluctuations can become more self-sustaining
and harder to reverse (46, 47).

The sentiment index excludes broadcast, non-U.S. sources,
and social media and therefore does not capture the full global
information ecosystem. The sentiment series relies on lexicon-
based scoring to ensure temporal comparability across four
decades of text. Although large language models may im-
prove contextual classification in contemporary corpora, their
training data and evolving architectures complicate consis-
tent historical measurement. Although the original sentiment
model was evaluated against manually rated articles from the
historical corpus, this does not eliminate the possibility of se-
mantic drift, changes in idiomatic usage, or in the intensity of
economic language over time. Lexicon methods provide a trans-
parent and stable benchmark for long-run structural analysis of
the sentiment index using detrended fluctuation analysis. The
newspaper × article-type fixed effects improve comparability
by removing persistent baseline differences across outlets and
article types, but they do not control for changes in article vol-
ume, sourcing, topic composition, genre mix, or time-varying
editorial practices. Because we use the aggregate daily in-
dex, these remaining composition effects cannot be separated
directly from changes in sentiment dynamics.

The media-period stratification should be seen as a descrip-
tive periodization rather than as causal identification. Changes
in online publication and platform distribution, audience feed-
back, and the persistence of narratives may all contribute
to the observed persistence shift. Major events provide use-
ful context, but separating macroeconomic persistence from
media-specific dynamics would require a separate benchmark-
ing analysis. Regular publication cycles are removed from the
series before the scaling analysis through spectral methods, but
other editorial and publishing meso-structures, such as article
selection and repeated coverage of ongoing stories, are difficult
to remove with the aggregate index and may also contribute
to the persistence of sentiment. The proposed endogenous-
memory model generates synthetic sentiment time series from
two interpretable mechanisms, slow memory and short-run cor-
rective feedback. The resulting series reproduce the empirical
trends in the Hurst exponents of both the index and its first
differences. The model is simple and not uniquely identified.
A more detailed model could include non-linear amplification
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from external factors such as macroeconomic dynamics or
(online) audience feedback. The null models provided simpler
baselines for the scaling results by testing whether the observed
exponents can be explained by independence, short-memory
AR(1) dependence, annual block structure, or the empirical
spectrum alone. More advanced statistical models, such as
ARFIMA, could include extra parameters to provide better
fits to the autocorrelation structure or the spectrum but with
less mechanistic interpretation.

These findings matter for any model that uses news senti-
ment as an input. If sentiment has become more persistent,
the current value of a sentiment index cannot be interpreted
only as an instantaneous reaction to events or used as a pre-
dictor based only on its current level. It also reflects the
accumulated memory of non-recent shocks, depending on how
slowly the sentiment process relaxes. Increasing persistence
changes the effective time scale of news sentiment. Even when
daily changes are small, repeated weak perturbations can ac-
cumulate into longer sentiment regimes, i.e. amplify small
signals into persistent states. Forecasting and expectation
models, and risk-monitoring systems, for example in finance,
macroeconomic nowcasting, and consumer-confidence moni-
toring, should therefore account for the response time of the
sentiment process, not only its average level or daily variations.

Materials and Methods

Time series pre-processing. To isolate persistent temporal structure,
we process the sentiment series as follows. Periodicities at weekly,
annual, and nearby harmonics are detected from the spectrum of
xt and removed via harmonic regression, creating a deseasonalized
series xd

t (see SI). To limit the influence of rare extreme days while
leaving typical fluctuations unchanged, we apply a Hampel filter
to xd

t with a ±7-day window and a 3-σ threshold, flagging ∼ 2.5%
of days and replacing those values with the local median. The
deseasonalized, Hampel-filtered series xdh

t is used for the scaling
and model analyses, and the raw index xt for all other statistics.
Sensitivity checks show that the DFA estimates are stable across
alternative Hampel-filter windows and thresholds (see SI).

Detrended fluctuation analysis. To quantify persistence and long-
range dependence, we use detrended fluctuation analysis (DFA)
(39, 48). For a time series {xt}N

t=1 we construct the profile:

Y (k) =
k∑

t=1

(xt − x̄), k = 1, . . . , N [4]

We then partition Y into non-overlapping windows of length s,
detrend each window with a polynomial of order m, and compute the
root-mean-square fluctuation F (s) of the residuals. If fluctuations
are scale-free, log F (s) = α log s + c. For stationary, fractional-
Gaussian-noise–like signals, α = H ∈ (0, 1). For nonstationary,
fractional-Brownian-motion–like signals with α > 1, the implied
Hurst exponent of the increments is H = α − 1. We report α for
rolling windows and interpret H as appropriate in the main text.

We apply DFA of order m = 2 (DFA2) to the sentiment index xt

to attenuate slow drifts and low-frequency curvature. Fluctuation
functions F (s) are evaluated on logarithmically spaced scales from
smin = 7 up to smax ≤ 1, 095 days (three years), with at least four
windows per scale. We allow at most one crossover. Candidate
breakpoints s∗ in the range 7 ≤ s∗ ≤ 546 days are considered
on the log-scale of s. For each s∗, we fit single- and two-slope
models in log F (s) vs. log s and select the preferred specification
using corrected AIC and a nested F test. When a two-slope model
is chosen, we retain the exponents on 7–s∗ and s∗–1095 days (SI).

For the first differences (∆xt), we define a new profile (replacing
xt by ∆xt). We use DFA of order m = 1 (DFA1) to isolate short-run
shock structure. The fluctuation curves bend near weekly scales

and thus we predefine two intervals, 2–8 days and 49–1,095 days,
and fit a single slope in each interval. Because ∆xt is stationary,
we interpret these slopes directly as Hurst exponents.

For the rolling analysis, we apply the same DFA procedure to
xt within 1,095-day windows shifted by 182 days, restricting the
maximum scale to 546 days to ensure at least four segments per scale
(see SI). We estimate trends in the rolling-window Hurst exponents
using OLS. Trend C.I. and p-values are calculated using Newey-West
standard errors with lag 6 (≈ 1095/182) to account for overlapping
windows.

Null models. We compare the empirical Hurst exponents to four
null models. The baseline shuffle (i.i.d.) model randomly per-
mutes xdh

t , preserving the marginal distribution but destroying
temporal dependence. The moving-block bootstrap (block) model
concatenates 364-day (52-week) blocks sampled with replacement,
preserving local dependence and weekly patterns while disrupting
longer-range order. The AR(1) model simulates an autoregressive
process fitted by ordinary least squares to xdh

t , preserving short-
range linear dependence. The IAAFT model uses the iterative
amplitude–adjusted Fourier transform procedure (49) to preserve
both the empirical marginal (via rank matching) and the power
spectrum (via phase randomization), implementing a linear null
with the same second-order structure as the data.

We generate 500 random time series using each model, apply
the same preprocessing and DFA pipeline as for the empirical data,
and obtain distributions of H for the four scale intervals used in
the main text. Monte Carlo p-values and Benjamini–Hochberg
false-discovery-rate control at q = 0.05 are used for inference.

Mechanistic model calibration. We calibrate (d1, d2, d3, ϕ1, ϕ2, ϕ3)
using simulations. Parameter values are drawn using the Latin
hypercube method over progressively narrower pre-specified ranges,
starting at ±2 standard deviations from the average empirical value
for a given period. For each parameter set, we generate 30 synthetic
sentiment series from the model and apply the same rolling DFA2
procedure used for the empirical series for levels (7–81 days) and
DFA1 for first differences (2–8 days). We select the parameter
set that best reproduces the empirical rolling Hurst exponents of
both the sentiment index and its first differences by minimizing a
global dimensionless loss function using L = |biasx|

σx
+ |bias∆x|

σ∆x
+(

1 − corrx

)
+

(
1 − corr∆x

)
, where biasx and bias∆x are the mean

(model–empirical) differences of the rolling DFA exponents and σx

and σ∆x are their empirical standard deviations, and corrx, corr∆x
are the corresponding Pearson correlations across windows. For the
selected parameter set, we generate 100 independent realizations to
estimate the variability of the rolling Hurst exponents and goodness-
of-fit statistics.

Data and code availability
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https://www.frbsf.org/research-and-insights/publications/
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original non-smoothed sentiment index was provided by the
authors upon request. The code used for the analysis is
available on https://github.com/lecrocha/NewsMood.
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