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Abstract

This paper proposes a statistical framework to detect salience and its effects in
time series data. We focus on two fundamental dimensions of salience—surprise
and prominence—and translate them into well-defined stochastic features. Surprise
arises from localized and unexpected deviations from regular behavior, while promi-
nence is associated with persistence and long-lasting patterns generated by strong
temporal dependence. We show that these dimensions affect the spectral represen-
tation of a stationary process by introducing specific features. A general spectral
model based on a power transformation of the spectral density allows us to interpret
the selection of the power parameter from a weighted Whittle likelihood perspec-
tive and to detect salience-driven attention and its implications on expectations.
Simulation evidence illustrates how the proposed approach discriminates between
non-salient dynamics and salient time series behavior. A real-data application on
inflation and consumer survey expectations shows how to identify salience-induced

biases in inflation forecasts.
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1 Introduction

Salience plays a central role in theories of attention and economic choice. In the frame-
work developed by |[Bordalo et al. (2022), salient features of the environment attract
disproportionate attention and therefore affect judgments, beliefs, and decisions. While
this idea has proved highly influential in behavioral economics, its empirical implemen-
tation for historical macroeconomic data remains underdeveloped. In particular, there
is still limited evidence on how salience can be identified and measured in time series
settings, where observations are not independent and where attention may be shaped by
the temporal structure of the data.

We propose a statistical framework to identify salient characteristics in time series
and detect possible subsequent effects on shaping individuals’ expectations through the
attention mechanism. We focus on two dimensions emphasized in the salience literature,
namely surprise and prominence, and translate them into features of a stochastic process.
Surprise is associated with departures from regularity that stand out relative to recent
behavior, while prominence refers to highly available features of the time series, and
is therefore linked to components of the process that are systematically more visible,
thus contributing disproportionately to overall variation. In a time series context, these
dimensions are embedded in the temporal dependence structure of the process and can be
characterized in the spectral domain. Specifically, salient features attributable to surprise
and prominence translate into spectral peaks at certain frequencies.

Our approach is based on the spectral representation of stationary processes. We refer
to a class of transformed spectral models indexed by a power parameter p (Proietti and
Luati, 2015), where this parameter can be interpreted as capturing the extent to which
emphasizing certain frequency components improves the spectral model fit in terms of a
weighted Whittle likelihood criterion. A selected optimal p larger than one indicates that
emphasizing spectral peaks improves model fit with respect to standard Whittle estima-
tion. Hence, the time series is likely characterized by strong periodicities or oscillations
(including possibly long-range dependence if the peak is at low frequency), as the opti-

mal p lets estimation focus on capturing high periodogram ordinates. On the other hand,



optimal p < 1 downweights spectral peaks, suggesting they are spurious and preventing
them from contaminating and distorting model fit. When salience enters the series via
its surprise and prominence features, some characteristics of the series are upweighted
and others are discounted. The parameter is selected based on a goodness-of-fit weighted
Whittle-type criterion, and inference is conducted by means of bootstrap procedures.

The contribution of the paper is threefold. First, it provides a statistical characteriza-
tion of salience for temporally dependent data, thereby extending the salience framework
from cross-sectional settings to time series. Second, it develops an operational estima-
tion strategy that can be applied to observed historical data. Furthermore, it shows how
the optimally selected salience parameter can be used to study expectation formation in
macroeconomics.

The empirical application focuses on U.S. inflation and household inflation expecta-
tions. This setting is particularly well suited to the analysis. Inflation is one of the
main macroeconomic variables through which households observe the economy, and in-
flation expectations are central to models of consumption, wage setting, and monetary
policy transmission. At the same time, recent inflation dynamics—especially the post-2021
inflation surge-raise a natural question as to whether expectations incorporate macroe-
conomic information continuously or whether they respond disproportionately to partic-
ularly salient developments.

To address this issue, we select the optimal salience parameter for three related series:
realized inflation, aggregate inflation expectations, and forecast errors. This comparison
allows us to distinguish between the structure of the underlying macroeconomic signal,
the part internalized by beliefs, and the residual component not incorporated into expec-
tations. The empirical results show that all three series display values of p above unity,
indicating strong spectral structure. Realized inflation exhibits the highest value, aggre-
gate expectations also display substantial structure, and forecast errors retain residual
dynamics. Taken together, the findings suggest that the dynamic structure of inflation is
only partially incorporated into expectations, consistent with models in which agents pro-

cess macroeconomic information selectively rather than under continuous full-information



updating.

The paper is related to two strands of literature. The first is the literature on salience
and diagnostic expectations, which emphasizes that individuals overweight prominent
features of the environment when forming beliefs. The second is the literature on inflation
expectations, which studies the extent to which household beliefs track realized inflation
and which cognitive or informational frictions shape forecast behavior. Our contribution
differs from both strands in that it does not focus on cross-sectional heterogeneity in
respondents, but on the temporal structure of the aggregate series itself.

The remainder of the paper is organized as follows. Section 2 describes salience
theory and provides a literature overview which helps clarify the positioning of this paper.
Section 3 introduces the notion of salience in a time series setting and discusses its relation
to surprise and prominence. Section 4 develops the spectral framework and the estimation
method. Section 5 presents illustrative examples, while Section 6 contains simulation
evidence. Section 7 applies the methodology to U.S. inflation, inflation expectations, and

forecast errors. Section 8 concludes.

2 Literature

Salience theory, introduced by Bordalo, Gennaioli, and Shleifer, provides a psychologically
grounded framework in which attention is endogenously directed toward features of the
environment that stand out relative to a reference or comparison object. In their founda-
tional work, Bordalo et al. (2012) develop a model of choice under risk in which decision
makers overweight outcomes that are most salient—i.e., those that differ most from al-
ternative outcomes—leading to context-dependent probability distortions and systematic
deviations from expected utility theory. This approach is extended to financial markets
in Bordalo et al. (2013), where asset prices reflect the overweighting of salient payoffs,
generating mispricing driven by attention to extreme outcomes. More generally, salience
theory implies that individuals do not process all available information symmetrically,

but instead focus on features that are particularly prominent relative to a benchmark.



Subsequent work integrates salience with a theory of memory and reference points.
(Bordalo et al., |2020)) develop a model in which attention is shaped by surprise relative to
a memory-based norm, itself constructed through associative recall of past experiences.
In this framework, economic behavior depends on both the formation of norms and the
degree to which current outcomes deviate from them. Relatedly, [Bordalo et al. (2019)
show how memory-based reference prices affect economic decisions such as rental choice,
generating systematic deviations from standard theory that gradually disappear with
experience.

Taken together, this literature highlights two central mechanisms: (i) the formation
of reference points or norms through past experience, and (ii) the overweighting of out-
comes that are particularly different from those norms. These mechanisms provide a
unified explanation for a wide range of behavioral phenomena, including context effects,
instability of preferences, and gradual adaptation to new environments.

The salience-based view of attention is closely related to the broader literature on
bounded rationality and limited information processing. Rational inattention models
(e.g., Sims, 2003; |[Miao et al. 2022) formalize optimal allocation of attention across sig-
nals, while alternative approaches emphasize heuristic or state-dependent reasoning. In
particular, Tlut and Valchev| (2023) model agents as imperfect problem solvers whose
reasoning becomes more active in unusual or complex states, generating endogenous vari-
ation in attention.

A complementary empirical literature studies how attention affects macroeconomic ex-
pectations. Briand et al. (2025) document that measures of attention to inflation—such
as Google searches and media coverage—help explain both inflation dynamics and expec-
tations, especially during high-inflation periods. These findings suggest that attention is
a key channel through which macroeconomic developments are transmitted into beliefs.

A smaller but growing literature attempts to operationalize salience empirically out-
side laboratory settings. |Parsley and Popper| (2024), for example, construct a measure
of climate-change salience based on unexpected spikes in public attention and show that

it is priced in international equity markets. This approach highlights the importance of



distinguishing between persistent attention and unexpected, salient shocks.

Balcombe et al.| (2021)) provide an econometric assessment of salience theory, empha-
sizing that its empirical implementation requires careful measurement of which features
of the environment are effectively “salient” to agents. These contributions underscore the
need for reduced-form measures of salience that can be directly estimated from data.

Our analysis contributes to the literature by proposing a time-series-based, frequency-
domain measure of salience. Rather than identifying salient events ex ante or relying on
external proxies for attention, we infer the degree of salience directly from the stochastic
structure of economic time series. The key parameter p captures the extent to which
variability is concentrated in a subset of spectral components, providing a reduced-form
measure of how strongly the dynamics of a series depart from a diffuse, noise-like bench-
mark.

Applying this methodology to realized inflation, inflation expectations, and forecast
errors, we provide evidence on how the dynamic structure of macroeconomic variables is
transmitted into beliefs. In doing so, the paper bridges behavioral theories of salience
and attention with empirical macroeconomic analysis, offering a novel perspective on

expectation formation and information processing.

3 Time series salience

In this Section, we provide a characterization of salience for temporally dependent data.
This is substantially different from the setting considered by Bordalo et al.| (2022) for
cross-sectional independent data and this different characterization translates into distinct
effects of salience on individuals’ behavior.

First, note that salience characteristics of given economic variables described in [Bordalo
et al.| (2022)) are shown to affect consumers’ economic choice and choice under risk. In the
time series setting that we consider, the decision problem corresponds to a forecasting
problem, and the effects of salience show up in the individuals’ selection of the next

period’s forecast for the temporally dependent variable of interest.



We next translate the three features of salience outlined by |Bordalo et al.| (2022) into
time series features and use the description we provide to analyze how such features affect
the forecasts by shaping individuals’ attention.

As already mentioned, the three factors shaping salience are i) contrast with surroundings,
i) surprise, or contrast with past, and 7i7) prominence. It should be noted that here we
consider univariate time series, and focus only on factors i) and iii) as a contrast with

surroundings corresponds to contrast with past, captured by surprise.

3.1 Surprise as a Dimension of Salience in Time Series

In the context of time series analysis, surprise represents a key dimension of salience
and refers to the extent to which observed realizations deviate unexpectedly from recent
past behavior or from the underlying data generating mechanism. Unlike simple variabil-
ity, surprise captures localized, episodic, or abrupt changes in the temporal or spectral
structure of the process that attract the observer’s attention.

From a time—domain perspective, surprise arises when the series exhibits sudden
changes in its dynamics, such as regime shifts, temporary oscillatory behavior, or abrupt
variations in amplitude. These features generate strong contrasts with respect to past
observations, making them particularly salient to an observer who forms expectations
based on recent data. Importantly, surprise does not require persistent dependence or
long-range memory; rather, it is driven by unexpected departures from regularity, even in
globally short—memory processes.

In the frequency domain, surprise manifests itself as localized peaks in the sample
spectrum. These peaks correspond to frequency components that are temporarily or
irregularly activated and are not uniformly present across time. As a result, the sample
spectrum displays marked discrepancies with respect to a smooth or reference spectral
model, reflecting the presence of salient features concentrated at specific frequencies rather

than a global redistribution of power.



3.1.1 Illustrative examples: the surprise component of salience

The surprise component of salience refers to the presence of observations or patterns that
deviate markedly from recent or habitual behavior, in a way that is immediately noticeable
to an observer. In the context of historical data, surprise does not necessarily require
nonstationarity or permanent structural breaks. Rather, it may arise from transient but
pronounced features that stand out against the background variability of the series.

In what follows, we provide two illustrative examples. Their purpose is descriptive

and intuitive: they are meant to clarify how surprise manifests itself in observed data.

Example 1: Surprise in a single historical series. We consider a univariate time
series whose overall behavior is covariance-stationary and short-memory, but which oc-
casionally displays episodes of unusually strong and coherent oscillations. The data are
generated from a stationary process obtained as the sum of a weak background distur-
bance and a cyclical component that becomes intermittently dominant over limited time
intervals.

More precisely, the cyclical component s; follows a stationary AR(2) model with
complex roots,

St = G151-1 + P2851—2 + 11, n: ~ N(0, 03,)7

with ¢; = 2rcos(wg) and ¢ = —7r?, where 0 < r < 1 controls damping and wq fixes
the cycle frequency. To obtain localized surprise episodes without introducing long-run

dependence, the observed series is constructed as
Yt = Gt St + €, er ~ N(0,02),

where g; € {0, 1} is a block-wise ON/OFF indicator that activates the cyclical component
only over short time intervals. This mechanism produces bursts of regular oscillations
that stand out against the surrounding fluctuations, while keeping the overall process
stationary.

Surprise, in this example, does not arise from permanent changes in persistence or



long memory, but from the temporary emergence of a distinctive dynamic pattern that
contrasts sharply with recent observations. An observer following the series sequentially
would perceive these bursts as unexpected deviations from the local regularity character-
ising most of the sample.

Figure[IJreports in the top panel the simulated series in levels, highlighting the episodic
oscillatory behavior. The bottom panel shows the corresponding first differences, where
surprise episodes translate into sequences of unusually large and regular changes. Figure
reports the raw periodogram, which displays a pronounced peak around wy associated

with the activated cycle.

Example 1 (Surprise): levels with episodic oscillatory bursts
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Figure 1: Example 1. Top: simulated series in levels 3;. Bottom: first differences Ay;.



Example 1 (Surprise): raw periodogram (unsmoothed)
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Figure 2: Example 1: raw periodogram showing a peak around the cycle frequency wy.

Example 1: surprise in a multivariate system and comparative statics Surprise
can also be understood in a multivariate or system-based setting, even when attention is
ultimately focused on individual series. In many economic contexts, observed variables
are jointly determined and respond to common shocks or structural changes. From this
viewpoint, surprise corresponds to a sudden shift in the configuration of the system,
moving it from one regime or equilibrium to another.

To illustrate this idea, consider a stationary VAR(1) system collecting three economic

variables (for example, output, inflation, and an interest rate),

Yy = c+ Ays_1 + uy, up ~1.1.d.(0, %),

where the eigenvalues of A lie inside the unit circle, so that the process is covariance-
stationary within each regime.

A comparative statics experiment is constructed by generating two trajectories under
the same sequence of innovations {u,}. The first trajectory represents a counterfactual
baseline in which parameters remain constant over the full sample. The second trajectory

corresponds to a policy-change scenario in which, at a known date Tj, the system switches

10



from (Apre, Cpre) to (Aposty chSt):

Cpre + Apreyt—l + Uy, t < To,
Y =
Cpost + Apostyt—l + U, 13 2 TO-

Because both scenarios are driven by identical innovations, any divergence observed
after Ty is entirely attributable to the structural change in the system rather than to
random fluctuations. The comparison therefore isolates the effect of the change in the
data generating mechanism.

Figure|3| plots each variable under the policy-change scenario (solid line) and under the
counterfactual baseline (dashed line), together with a vertical line marking Ty. Before the
transition, the two paths coincide closely; after Tj, the policy-change trajectory departs
visibly from the counterfactual. This before—after contrast makes the change immediately
salient to an observer.

In this example, surprise is not associated with isolated shocks or outliers, but with
an abrupt and unanticipated change in the system’s structure that alters the qualitative
behavior of the variables. Importantly, the series remain stationary before and after the
change. Surprise therefore arises from a shift in expectations induced by the structural
transition, rather than from increased persistence or long memory, which are instead

related to the prominence dimension of salience.

11



output: policy (solid) vs counterfactual (dashed)
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Figure 3: Example 1: comparative statics in a VAR system: policy-change scenario
(solid line) versus counterfactual baseline (dashed line). The vertical line indicates the
transition date Tj.

3.2 Prominence as a Dimension of Salience in Time Series

In our statistical translation, prominence corresponds to persistence in the data and is
operationalised through long memory behavior. Prominence reflects the degree to which
patterns in a time series are repeatedly observed over time, making them cognitively
more available to the observer. Increasing the number of opportunities to observe a given
change—either positive or negative—in the series enhances its salience through repetition
rather than through unexpected deviations.

An individual observing subsequent increments (or decrements) in the levels of a
time series will tend to predict that the series is going to increase (decrease) further in
the next period. Successive changes of the same sign produce local trends, reinforcing
expectations about future behavior. More generally, when a time series is characterized
by long memory, its realizations at a given time point exert a persistent influence on
future values, so that past observations remain informative over long horizons.

From a visual perspective, prominent time series display extended intervals during

which observations remain at relatively high or low levels. These local trends emerge even

12



in the absence of abrupt changes and contribute to salience by continuously reinforcing the
same directional signal. Unlike surprise, which is driven by sudden or episodic deviations,
prominence is cumulative in nature and arises from sustained dependence over time.

In the frequency domain, prominence manifests itself as an accumulation of spectral
power at low frequencies. Long memory processes are characterized by a spectral density
that diverges near the zero frequency, producing a pole that reflects the dominance of
slowly evolving components. As a consequence, the sample spectrum exhibits systemati-
cally large ordinates in the low—frequency region.

Within the proposed framework, such persistent spectral features affect estimation
through the power parameter p. When prominence is present, emphasizing low—frequency
discrepancies between the sample and theoretical spectrum improves model fit. This
leads the weighted Whittle deviance criterion to select values p > 1, which assign greater
importance to dominant and repeatedly observed components of the spectrum. Hence,
large selected values of p indicate that persistence—driven salience plays a central role in
shaping the second—order structure of the data.

Taken together, prominence captures a form of salience rooted in memory and repeti-
tion rather than in novelty. While surprise highlights deviations that stand out because
they are unexpected, prominence highlights features that stand out because they are
repeatedly encountered. The power parameter p provides a unified way to detect both
mechanisms, with prominence primarily influencing the weighting of low—frequency com-

ponents.

3.2.1 Illustrative examples: the prominence component of salience

The prominence component of salience is related to persistence and refers to the extent
to which observed patterns remain available to the observer because they last over time.
In historical data, prominence manifests itself through long stretches of similar behavior,
local trends, and slow mean reversion. Unlike surprise, prominence is not driven by abrupt
deviations, but by the continuity of the dynamics, which makes recent configurations more

cognitively accessible.
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Example 2: prominence in a single historical series We first consider a single
stationary historical series exhibiting high prominence. The data are generated from a
stationary long memory specification, such as an ARFIMA(0, d, 0) model with d € (0,0.5).
For a fixed (high) value of d, realizations display persistent deviations from the mean and
long runs of similar behavior, which are visually perceived as local trends. Figure
shows the series in levels. Figure |5| reports the smoothed estimated spectral density,
where prominence translates into a strong concentration of power at low frequencies,

reflecting slow-moving components.

Univariate prominence: ARFIMA(0,d,0), d=0.4

0 500 1000 1500 2000

Figure 4: Prominence in a univariate stationary series: persistent behavior in levels.

Smoothed spectrum (low—frequency power = prominence)
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Figure 5: Smoothed spectrum: prominence corresponds to higher power at low frequen-
cies.
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3.2.2 Example 2: Prominence in a multivariate system and comparative

statics

Prominence can also be illustrated in a multivariate setting, where individual time series
are embedded in a system of jointly determined variables. In many economic environ-
ments, variables such as output, inflation, and interest rates evolve according to common
dynamics and respond to shared shocks. In this context, prominence is associated with
the persistence of these dynamics, which makes observed patterns more temporally ex-
tended and therefore more cognitively available to an observer.

To illustrate this idea, consider a stationary VAR(1) system collecting three economic
variables,

Yy = c+ Ays_1 + uy, up ~1.1.d.(0, %),

where the eigenvalues of A lie inside the unit circle. Within each regime, the system is
covariance—stationary and exhibits stable second—order properties.

The prominence feature is highlighted through a comparative statics experiment. Two
scenarios are generated using the same sequence of innovations {u;}. In the counterfac-
tual baseline, the system parameters remain constant over the entire sample. In the
alternative scenario, at a known date 7}, the system undergoes a structural change in its
propagation mechanism: the autoregressive matrix switches from A, to a more persis-

tent matrix Apqg, while the intercept term remains unchanged. Formally,

c—+ Apreyt—l + U, t < To,
Y =
¢+ Apost¥i—1 + g, t > T,

with both matrices satisfying stationarity conditions.

Because the two scenarios share the same innovations, any divergence observed after
T} is entirely attributable to the change in the system dynamics. Before the transition,
the two trajectories are nearly indistinguishable. After 7}, the series generated under the
more persistent regime display longer—lasting responses to shocks and smoother, more

inertial movements over time.

15



output: higher persistence after TO (solid) vs baseline (dashed)

3 ~] — policy (higher persistence)
- - counterfactual
~| — T0=300 |
v \ | LA I
- (=] [ - . ' Ve [
2 T REEREY L T e AT
= — Y y i 1100 | n " i
=3 U L i Wk [ ",'I
o 0 W Ny W "IJ'I, '|l ' ol (W "oy |
? — N v ! | | ' |
] i
n
‘_i -
! T T T T T T T
0 100 200 300 400 500 600
inflation: higher persistence after TO (solid) vs baseline (dashed)
o —— policy (higher persistence)
— 7| - - counterfactual
o —— T0=300 | ‘ , |
- \ ' d |
c © o ! | ! \ l ! |
=} A I :I I '§ ! . ]
= o | | \ 'O
% S 7 "l;/."‘ f ’”'1 'ul l""f‘ b ‘1", U '
£ W v VII f ! L v '
1 [
o
‘_i -
1
T T T T T T
0 100 200 300 400 500 600
rate: higher persistence after TO (solid) vs baseline (dashed)
o
- —— policy (higher persistence)
- - counterfactual
w | — To=300
e
Q
g o
S A
n
o' -
T
T T T T T T
0 100 200 300 400 500 600

+

Figure 6: Example 2: Prominence in a VAR(1) system via comparative statics. Solid
line: policy-change scenario (at 7j). Dashed line: counterfactual baseline with constant
parameters. The vertical line marks the transition date Tj.

This example illustrates prominence as a salience feature arising from persistence
rather than from abrupt deviations. Unlike surprise, which is driven by localized and
unexpected changes, prominence reflects the tendency of the system to reinforce and
propagate past realizations, thereby increasing the visibility and cognitive availability of

patterns over time.

4 Methods

We propose statistical tools to detect time series properties corresponding to the above

mentioned salience characteristics. If salience is present in the data, this causes certain
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aspects of the time series to be highlighted and others to be discounted by the observer,

based on how strongly they attract her attention.

4.1 Functionals of the spectrum and the power process

The temporal dependence structure of stationary stochastic processes can be either ana-
lyzed in the time domain, via the autocovariance function, or in the frequency domain,
based on the spectral density function. Frequency domain analysis or spectral analysis
provides an alternative way of viewing the process, which may be more illuminating for
some applications. It is based on the decomposition of the process into the sum of sinu-
soidal components with uncorrelated random coefficients. The second-order properties
of a stationary stochastic process { X} are described by its autocovariance function
(ACVF), v(0) = E[X;X; 4], depending on the L x 1 vector of unknown parameters
0= (0,...,0;)" € ©®CRE The Fourier transform of the ACVF allows to translate the
autocovariance structure in the frequency domain. The spectral density function of {X;}

is the function f(-;6) defined by the Fourier transform of the ACVF

oo

1

f(x0) = Dy Z Y6 (0) exp(—iAk), —m <A< (1)

k=—0oc0
In turn, the ACVF can be recovered by the inverse Fourier transform,

™

w(® = [ F(N0) exp(irk) dA. (2)

—Tr

The spectral density function provides the contribution of each frequency component
to the total variability of the process. Taking powers of it allows to emphasize certain
characteristics of the process. The variance profile (Luati et al., 2012) and the gener-
alised autocovariance function (Proietti and Luati, [2015) are defined as functionals of a
power transformation of the spectral density of a stationary stochastic process. Specifi-
cally, let {X;}1er be a stationary zero-mean stochastic process with Wold representation
Xi = U(B)ey = (1 + W B+ UyB? + .. )ey, > ,¢7 < 00,6 ~ i.4.d.(0,0%), where

BPe, = gy_. Tts spectral density function is f(w) = 5-[W(e=™")W(e™")].

17



By tuning the power parameter p that governs the transformation of the spectrum, the
variance profile v, provides useful quantities characterising the second-order properties of
the process. v, can be interpreted in terms of a power transformation u,; of the original

process ;. The power process is defined as

U(B)Pe, for p>0
Upt = (3)
V(B Hre, for p<0

Note that for p = 1 the variance profile coincides with the unconditional variance of

the process, and uy, = z;, while for p — 0, up, = &, and v, converges to 2, the one-step-
ahead prediction error variance.
The power process is also linked to the generalised autocovariance (GACV) function,
defined in |Proietti and Luati (2015). The underlying idea is that taking powers of the
spectral density is useful to detect certain features of the time series. For instance, p > 1
emphasizes peaks in the spectral density, while negative values of p highlight troughs.
The GACV can be interpreted as the ACVE of the power process u, in . Forp=1
the GACV coincides with the traditional ACVF, and uy; = ;.

The definition of the power process is key to our purposes, as discussed next.

The surprise and prominence factors shaping salience, show up in time series data as
described in the previous Section. They consist of sudden and marked changes that lead
to unexpected departures from background regularity, and in the repetition of changes
of the same sign, visually producing the local trends that characterize strong persistence
in the data. Such behavioral patterns produced by surprise and prominence, affect the

shape of the spectrum of the underlying process in distinct ways.

Surprise translates into irregular and concentrated peaks of the sample spectrum at
specific frequencies. Such peaks may arise from temporary oscillatory behavior, sudden

changes in amplitude, or abrupt regime shifts that are not persistent over time. Impor-
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tantly, surprise does not imply a systematic redistribution of power across frequencies.
Instead, it generates discrepancies between the sample spectrum and a smooth reference
spectrum that are confined to selected frequency bands. As a result, the spectral density
remains globally short—memory, but exhibits salient local features that stand out relative
to the surrounding frequencies.

Prominence, by contrast, is linked to persistent and recurrent patterns that remain
visible over long horizons. In the frequency domain, prominence manifests itself as a
structural concentration of power at low frequencies. This behavior is typical of long
memory or highly persistent processes, where observations at distant time points remain
strongly correlated. Spectrally, this persistence is reflected in a slowly decaying spectral
density and, in the case of fractional integration, in the presence of a pole at the zero
frequency. Unlike surprise, prominence affects the spectrum in a global and systematic

manner, shaping its overall form rather than generating isolated irregularities.

We consider a general class of spectral models defined by [Proietti and Luati| (2015)),
based on the GACV. By tuning a parameter p € R which defines the power transform of

the spectrum of a time series, this model encompasses both the AR and MA models.

2mfplw) = Lﬁp(e_w)ibp(ew)] , @

where, for p > 0 (p < 0) ¢p(2) = 1 —@p12 — Ppaz? — -+ — dpx 2" is the characteristic poly-
nomial of the AR (MA) approximation of w,. For a given p, the model can be estimated
as suggested by the authors, solving a Yule-Walker system of equations in the GACV
nonparametric estimator. Then, the optimal power transform p can be selected over a
specified grid by optimizing a measure of goodness-of-fit. Distinct values of p emphasize
certain characteristics of the process, and can be useful to uncover the presence of the
above mentioned salient features in the time series of interest.

Within the proposed framework, these two dimensions of salience interact differently with
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estimation. Surprise induces sharp, frequency—specific mismatches between the empiri-
cal and theoretical spectra, while prominence produces broad and persistent deviations
concentrated at low frequencies. The power parameter p governs how strongly such dis-
crepancies are emphasized: values p > 1 assign greater weight to frequencies where the
mismatch is largest, enhancing sensitivity to both localized spectral peaks associated with
surprise and low—frequency accumulations associated with prominence. In this sense, the
spectral density provides a natural domain in which the distinct manifestations of salience

can be identified and quantitatively assessed.

Proietti and Luati (2015) suggest to select p by minimizing a deviance measure equal
to minus twice the Whittle likelihood. Here we find it useful to consider Whittle likelihood
estimation, as it allows interpretation of the power parameter in terms of the salience of

the series.

4.2 Whittle likelihood estimation

If one considers estimation of the general spectral model by solving the Yule-Walker
equations in the nonparametric GACV estimator, this is equivalent to Whittle estimation
of an AR(K') model for u,; (Proietti and Luati, 2015).

Given a sample X7, ..., X, from the process { X, }, the Whittle likelihood function (Whit-

tle, |1953)) is defined as

60) == 3 {oe )+ 29 (5)

weENy

where (),, denotes the set of Fourier frequencies

_ AT = 1)/2)). (6)

Q, = (w1,...,wp) -

20



We focus on fitting a spectral model f,(w) to the process u,;, where 27 f,,(w) = [27 f,(w)]?.

Then, given n observations from {X,}, the Whittle likelihood we want to optimize is

LO.p)==>_ {1og[fu(W;e)] n M} _

wENy fu(w79)
R D 1)
- Z{l all2nfy P} + ) 7

As previously stated, estimation by the generalised Yule-Walker equations, with subse-
quent optimal selection of p is equivalent to Whittle estimation by means of equation
. This leads to the interpretation of estimation as a weighted optimization problem,
where the second-order characteristics of the observed series are given different weights,
depending on the parameter p.

To see this, consider the score function corresponding to the traditional Whittle likeli-
hood /,, and that corresponding to ¢, both fitting the spectral model f,(w;6) to x; and

uy, respectively:

Vola(f) = Su =) s(w;0), (8)

w

S(w;Q)ZVefp(w;Q)[](w) — ] 9)

W) fpw)

Vafu(eap) = Su :pzsu(W;H,p), (10)

Iwp 1
fo(w)ptt  f(w)

su(w; 0,p) = Vo fp(w; 0) [

Note that S, can be expressed as a weighted sum of the individual contributions to the
standard Whittle likelihood score, with weights depending on the sample and theoretical

spectra and the power transformation p :
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S :prp(w;Q)s(w;Q), (12)

Iw) 1
[fp(w;0)]PHL  fp(w:0)
(13)

I(w) _ 1
fp(W;9)2 Ip(w;0)

The weights control the score contributions at each frequency to the total score, depending

wy(w; 0) =

on the model fit to the observed spectrum.

Hence, in a similar fashion as [Zanetti Chini (2023) in the context of measuring
judgement, p provides information about the salience of the series. Specifically, if p >
1, wy(w; @) emphasizes mismatches such that estimation is more sensitive to periodogram
peaks.

The optimal value of p over the chosen grid of values is the one that maximizes the fit of
the spectral model to the sample spectrum not uniformly, but frequency-wise, depending
on wy(w;#). Selected values p > 1 indicate that emphasizing spectral peaks improves
model fit with respect to standard Whittle estimation. Hence, the time series is likely
characterized by strong periodicities or oscillations (including also strong persistence and
possibly long-range dependence if the peak is at low frequency), as the optimal p lets es-
timation focus on capturing high periodogram ordinates. On the other hand, estimated
p < 1 downweights spectral peaks, suggesting they are spurious and preventing them
from contaminating and distorting model fit. This leads to more robust estimation.

When salience enters the series via its surprise and prominence features, some character-

istics of the series are upweighted and others are discounted.

4.3 Bootstrap inference for the salience parameter

Because the salience parameter p is selected over a discrete grid rather than obtained from
a continuous optimization problem, its sampling variability cannot be assessed using

standard asymptotic results for smooth estimators. Instead, we treat p as an argmin
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estimator obtained from the minimization of a sample criterion,

~ i dev, (p).
p = argmindev (p)

where dev,(p) denotes the empirical deviance constructed from the smoothed spectral
estimate. Inference is therefore based on a bootstrap procedure that replicates the entire
criterion function and recomputes the minimizer in each resample. This approach follows
the general bootstrap principles for argmin-type estimators discussed in Van Der Vaart
and Wellner| (1996)).

Operationally, the procedure is as follows. First, the periodogram of the observed se-
ries is computed and a pilot spectral density estimate is obtained from the selected model.
The periodogram ordinates are then standardized by this pilot spectrum and resampled
with replacement in the frequency domain, producing bootstrap pseudo-periodograms
that preserve the second-order dependence structure of the data. For each bootstrap
replicate, a pseudo-series is constructed solely for the purpose of obtaining a smoothed
spectral estimate, and the deviance function dev) (p) is recomputed over the full grid of

candidate values. The bootstrap estimate p* is then defined as
* = argmindev’ (p).
p gmindev, (p)

Repeating this procedure yields a bootstrap sample {p}}#, that approximates the
sampling distribution of p. From this distribution we compute bootstrap summaries such
as the mean, bias, and percentile confidence intervals for p.

This resampling strategy provides an empirical measure of uncertainty for the salience
parameter and allows one to evaluate the robustness of the salience classification (for
example whether p > 1) across resamples. By operating in the frequency domain and
resampling standardized periodogram ordinates, the procedure preserves the dependence
structure of the series while remaining compatible with the spectral framework underlying

the proposed salience estimator.
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4.4 Assumptions

In this work we consider a stationary zero-mean stochastic process with Wold represen-
tation X; = U(B)e; = (14+ U1 B+VyB2+... ), & ~ [.1.D.(0,0?), where B*e; = &;_y.
Its spectral density function is f(w;0) = 2 |¥(e~*)[?, where § € © C R” is the vector
including all model parameters to be estimated. In this setting, p is not a model param-
eter but a tuning parameter of the spectral transformation. It is selected separately, to

optimize a measure of goodness-of-fit. We impose the following assumptions:

Cl = 32070 W] < 00,8 > &

C2 : E|le|®] = pus < 00, where s > maxz{9,4(p+m),8(p — 1) +2m,2(p — 1) + 4m};
C3 : supjgzg, [E[e™]] = d(00) < 1;

C4 : |7 |E[e"]|"df < oo for some r > 1;

C5 : m is a fixed positive integer satisfying m + 4(p — 1) > 0.

The above are technical assumptions from [Proietti and Luati (2015)) to ensure applica-

bility of the method and good properties of the estimator proposed by the authors.

The theoretical results hold under the above stated assumptions, for covariance—
stationary processes. In empirical applications, however, surprise-driven salience may
arise precisely through nonstationary behavior, such as level shifts, changing volatility, or
temporary episodes of markedly different dynamics. In this case, the proposed methodol-
ogy can still be implemented after a transformation that restores (approximate) station-
arity and isolates the salient component of interest. In practice, this can be achieved by
(i) removing deterministic components (intercept, linear trend, seasonality), (ii) applying
differencing or log-differencing to eliminate stochastic trends, and/or (iii) working with
deviations from a smooth benchmark (e.g. residuals from an ARMA /VAR model or from
a low—frequency filter) so that the remaining series captures the unexpected, localized

departures from regular behavior. The power—Whittle selection of p is then applied to
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the transformed series, which is designed to retain the high—contrast features that de-
fine salience while discarding nonstationary drift. Importantly, this procedure does not
“remove” salience: rather, it separates salience from slow-moving components that are un-
related to attention—grabbing events. If surprise manifests as abrupt changes or episodic
oscillations, these features typically remain visible after stationarising transformations
and continue to generate localized discrepancies in the sample spectrum. Consequently,
the selected p can still exceed unity, indicating that the transformed likelihood assigns
relatively higher weight to those frequency regions where the salient deviations concen-
trate. In this sense, a value p > 1 computed on a stationarised representation of the
data can be interpreted as evidence that salient features are present in the underlying

observations, even when the original series is nonstationary.

5 Examples

Let us consider simple analytical examples to gain a deeper insight into the role of the
power parameter p in model estimation and its interpretation relative to the salience of

the series.

5.1 General Example

We start with a generic example, leaving the spectral model f(w, ) unspecified. In equa-
tion we focus on the individual contributions ¢, (w;0,p) to the transformed Whittle
likelihood, such that ¢,(0,p) = > {,(w;6,p). Estimation is carried out by minimizing
the discrepancy between the sample spectrum and the theoretical spectral model. This is

captured by the second additive term in H [ Un@I”_ There are three possible scenarios.

27 f (w;0)]P

e The observed spectrum matches the theoretical spectrum. Then, assuming for sim-
plicity that [(w) = f(w;0) =1, £,(w; 0, p) is maximized at p = 1. This corresponds

to the traditional Whittle estimation, which equally weights the individual likeli-
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hood contributions at each frequency w.

e The periodogram ordinate is much larger than the assumed spectral density,

I(w) > f(w;0). Then, the numerator of the second additive term in , [;&Siﬁ)r
increases fast with p, at an exponential rate. At the same time, the denominator
(27)P~1 also increases with p, but at a slower rate, so that the whole fraction is
minimized at p > 1. Consequently, this implies that the transformed likelihood em-
phasizes large periodogram observations more carefully than the traditional Whittle

likelihood would, suggesting that, based on the specific empirical evidence, mod-

elling spectral peaks is important.

e The sample spectrum at w is smaller than the one implied by the assumed model.
The likelihood ¢,(w;#,p) is maximum at p < 1, giving more weight to matching
small periodogram ordinates, downweighting large ones. This tells us that the
estimator is recognizing spectral peak as outliers and not descriptive of the true data
generating process, providing robust estimation. Hence, the estimator is prioritizing

more stable spectral features.

5.2 ARFIMA Example

Consider now one of the most commonly used long memory models, the autoregressive

fractionally integrated moving average (ARFIMA) model. In particular, the spectral den-

2 2

sity of a stationary ARFIMA(1,d,0) model is f(w;6) = g—ﬂ% = Z¢(w)B(w),

where we assume —1 < ¢ < 1,0 < d < 0.5. In presence of long memory (d # 0), the

spectral density is high at low frequencies and it diverges near the zero frequency. In

equation (7)) we have:
I(w)P
o?/(2m)p(w)rB(w)P’

measuring the discrepancy between the data and the model. If the data show more

low-frequency power (through periodogram peaks) than the spectral model, then the
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likelihood will favour increasing p > 1 to assign more weight to the near-zero and other
frequency regions where such mismatches occur. On the other hand, if the periodogram
is flatter than the assumed model, the estimated p will be smaller than one, providing
robust model estimation, suggesting to downweight spurious peaks.

Note that the roles of the parameters d and p differ substantially. The memory parameter
d controls the persistency attributes of the series, described by the spectral density near
zero. On the other hand, p controls the degree of emphasis the likelihood assigns to
different parts of the spectrum. Hence, while d is a model parameter, p operates on
the loss function used for estimation, emphasizing parts of the data that differ from the

model.

6 Numerical studies

In this Section, we use simulated data to show how the features of salient time series, out-
lined in the previous Sections, affect the power parameter p. The selected p describes the
spectral model best fitting the data in terms of the weighted Whittle likelihood criterion
in . Specifically, we show that when the time series exhibits salient characteristics,
like sudden behavioral changes (corresponding to parameter changes) or repeated incre-
ments (or decrements) the optimal value of p will be larger than unity, underscoring the
importance of such attributes, and suggesting they should be given more weight in the
model fitting procedure. On the other hand, selected values p < 1 reflect less salient data,
providing robustness against outlying periodogram peaks. Given the illustrative purposes
of this simulation experiment, we consider optimal selection of p over a specified range of

values.

6.1 No-salience experiment

First, we illustrate the results of a baseline simulation experiment which allows us to

show evidence of no over-estimation of the parameter p capturing the salience properties
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outlined above. This consists in generating R = 1000 samples of length 7" = 3000 from a
Gaussian White Noise process, z; ~ WN(0, 1), characterized by a constant spectrum over
w € (—m,7), f(w) = 5=. Following Proietti and Luati| (2015)), we solve a generalised Yule-
Walker system of equations using the non-parametric estimates of the GACV function to
obtain the coefficients of the AR approximation of the power process u,,. This is done for
each value of p over the selected grid. In the present example, for illustrative purposes, we
consider positive p in [0.1,2]. The spectral model for the original process z; is obtained
applying the inverse power transform in (4) where estimates of the model parameters
have been plugged in. The optimal power parameter is selected minimizing a measure of
deviance equal to minus twice the Whittle likelihood, dev(p) = >, [flp(%wjj)) —In fp(wj)}.
Although the theoretical spectrum of the process is flat, the raw periodogram computed
on finite samples can show spurious peaks due to sampling variability. Moreover, it
does not provide a consistent estimator of the spectral density, and could distort optimal
selection of the power p based on the deviance measure dev(p), which contrasts the
sample and theoretical spectra for given p values. For these reasons it is preferable and
common practice to use a smoothed version of the periodogram, which yields consistent

estimation. Let I;(w) be a smoothed periodogram. Here we apply a Daniell kernel to the

raw periodogram, as

L(w;) = > wil(w; + k)

k=—b

, where wy, are the kernel weights such that ), wy =1, and h = 2b+1 is the kernel span.
Using a smoothed version of the periodogram lowers its variability and prevents from
overestimating the salience features. While the raw periodogram can be characterized
by peaks due to random variability, which may influence the selection of p upward,
the smoothed periodogram tends to show large ordinates if they are structural, while
averaging out spurious peaks. This could rather induce conservative selection of lower p
values.

We used a single Daniell kernel with equal weights wy = % The mean selected value over
the R replicates is p = 1.003. This confirms that the generated data do not show evidence

of salient features that could lead the forecaster observing the time series to upweight
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certain characteristics and downweight others, in such a way to influence her prediction.

6.2 Increasing salience experiments

Here we show the effects of increasing salience levels on the optimal selection of the p
parameter. The illustrative Monte Carlo experiments consist in generations of time series
of increasing length from different specifications of two classes of models. The first class
of models reflects the characteristics of the surprise feature of salience, while the second
class corresponds to prominent time series.

To mimic "surprising” time series we kept prominence low and varied the surprise level,
so that we can separate the two aspects of salience and analyze only the effects of surprise.
This is done by tuning the parameters of the data generating process (DGP), obtained

as the sum of two components, specified as follows:

Ty = S¢ + &, (14)
St = Q15¢—1 + Q2512 + N,
Ny ~ N(0,0g),

Et N(0,0’?)

In the equation above, s; represents a cyclical component, generated from the AR(2)
model with complex roots, with ¢; = 2rcoswy and ¢y = —r?, where r is the damping
parameter, determining the persistence of the cycle, and wy is the cycle frequency. We
keep persistency low in this first set of Monte Carlo experiments by setting » = 0.4 so that
the surprise effects are isolated. The noise component ¢; allows to regulate the strength
of the cycle and make it more or less pronounced. Under this design, surprise enters the
series through changes in the levels, which manifest as peaks in the spectrum at the cycle
frequency wy, not necessarily at low frequency. Such changes can be more or less visible

according to the magnitude of the noise around them, controlled by the noise variance, 2.

The second class of models we consider is the class of autoregressive fractionally

29



integrated moving-average (ARFIMA) models, specifically the ARFIMA(0,d,0), defined

as:

(1 - B)a; = & (15)

This is a popular class of long memory models, which allows us to introduce prominence
in the data via the memory parameter d. The long memory behavior of the series trans-
lates in the spectral domain into a pole of f(w) near the zero frequency, which shows up
in the sample spectrum, /(w). The deviance criterion used to select the optimal value of
p, which tells us about the salience level as we previously defined it, is then minimized for
p emphasizing frequencies at which the discrepancy between sample and theoretical spec-
trum is larger. When salience is present and manifests via either surprise or prominence
characteristics, the spectrum shows pronounced peaks at some frequencies (specifically,
at low frequencies for prominent data, and in correspondence of the cycle frequency wq in
presence of surprise features). This leads the criterion to choose p > 1 upweighting these

peaks for salient time series.

Surprise Level Parameters model (14 D
Low r = 0.40, oy = 0.20, 0. = 1.00 | 1.03
Medium r = 0.40, o,y = 0.60, 0. = 0.80 | 1.42
High r =0.40, 0 =1.20, 0. = 0.40 | 1.34

Table 1: Average selected p for three levels of surprise. Frequency wy = 0.37 fixed,
persistence fixed (r = 0.40), varying spectral contrast via o, and o..

Prominence Level | Parameters model ({15 D
Low d=20.10 1.37
Medium d=0.25 1.78
High d=0.40 1.61

Table 2: Average selected p for three levels of prominence. Surprise kept constant; promi-
nence manipulated through long memory parameter d in ARFIMA(0, d, 0).

Table [1f shows the average optimal p selected by the Whittle deviance criterion over
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R = 1000 replicates of samples of length n = 3000 generated from model with
three different specifications of the model parameters, corresponding to different surprise
levels. For all the surprise levels we set » = 0.4 to keep persistency (related to promi-
nence) low. We selected three values for the standard deviation of the AR(2) innovations,
o, € {0.2,0.6, 1.2}, which controls the amplitude of the cyclical component. The strength
of the cycle increases as o, increases. The standard deviation of the noise term, o, al-
lows to mitigate the signal strength. The smaller 0., the more the cycle dominates the
noise. Hence, starting from the combination o, = 0.2,0. = 1.0 corresponding to "low
surprise", increasing the signal-to-noise ratio Z—E’ increases surprise. We can see that the
average optimal p is slightly above 1, since we introduced some degree of salience in the
data. Moreover, the average optimal p shows a neat increase above one when considering
increased surprise levels, consistently with theory, although this path is not monotonic
when passing from medium to high surprise level. This is attributable to Monte Carlo
variability and to the interpretation of the parameter p as indicator of the presence of
salient characteristics rather than a precise measure quantifying the intensity of such
features.

To introduce prominence characteristics in the time series, we consider fractional integra-
tion through the fractional differencing parameter d and simulate from the ARFIMA(0,d,0)
model in (17)), letting d vary in (0, 0.5) to produce stationary, long-range dependent obser-
vations. As d increases, persistency increases, strengthening the prominence features of
the data and their salience. Results in Table [2| show higher p values than those reported
in Table This might indicate that prominence is a stronger component of salience
than surprise is, and hence it has a deeper impact on individuals’ expectations. Similarly
to the previous experiments with surprise characteristics, p shows a sharp increase from
low to medium prominence levels, for each given sample size n. The effects of further
increasing persistency of the data from medium to high are marginal and not always cor-
respond to a monotonic increase in the optimal p. Overall, these results corroborate our
theoretical findings by showing that the power parameter p defining the class of spectral

models and selected for a given time series realization by optimizing the weighted
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Whittle deviance criterion, does not exceed unity in absence of salience, and lies above 1
for salient data, detecting stronger effects of prominence than surprise.

In the following we provide a graphical illustration of the theoretical results and the in-
struments used to detect salience. We used different models from the previous ones in
and to simulate data characterized by a given level of salience based on surprise
and prominence features. Let us start by a low salience example: in R we generated a
time series of length 7" = 2000 from a zero-mean ARMA(1,1) model with AR and MA

parameters respectively ¢ = 0.3 and 6 = 0.5.
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Figure 7: x;: ARMA(1,1); y,: first differenced series.

The series shown in figure (7| along with its first differences, is stationary and short-
memory over the entire sample, hence its first- and second-order properties do not change
over time. This implies that surprise effects are minimal.

Moreover, the simulated series is characterized by short-memory and zero constant mean.
This means that changes of a given sign are likely followed by changes of the opposite
sign, making the prominence of the series very low.

By using the sample estimates of the GACV we solved the generalised Yule-Walker system

of equations and obtained spectral estimates fp corresponding to a given p in a grid
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between —3 and 3. The optimal spectral estimate is selected by minimising the deviance
measure with respect to p. The optimal negative value p = —1 amounts to fitting a MA

model to the data.
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Figure 8: Top: deviance measure vs p. Bottom: periodogram estimate and spectral
estimates f, with p = —2, -1, 1.

From figure [8] it can be seen that negative values of p are better suited than positive
ones to describe the spectrum of the current series. The spectral estimate corresponding
to the optimal p = —1, shown in the bottom panel, appears to be the most flat among the
three, with a smaller range compared to fp with p = —2, 1. The green curve corresponding
to p = —2 associated to estimation of the GACV emphasizes troughs in the periodogram,

as negative p assign higher weight to lower periodogram ordinates, while the curve corre-
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sponding to p = 1 equally weights all periodogram ordinates. Neither p = 1 nor p = —2
reflects the second order properties of the current series in the frequency domain, but the
flatter curve defined by p = —1 is more suitable.

We proceed in our analysis on simulated data by introducing in the time series one ad-
ditional element increasing its salience. The second series is generated by simulating the
first 77 = 1000 observations from an AR(1) model with ¢ = 0.7 and the last To = Ty
observations from a MA(1) model with § = 0.3. This increases the salience of the series

through surprise effects caused by a behavioral change over time.
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Figure 9: Top: deviance measure vs p. Bottom: periodogram estimate and spectral
estimates f, with p = —2, -1, 1.

The selected spectral model for this series corresponds to p = —2. The spectral density
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function is shown in figure [ and almost entirely overlaps with that for p = —1, being
slightly above it for higher periodogram ordinates and slightly below it for lower ones.

In the next simulated series we introduce long memory behavior. We simulate the dif-
ferenced series from a stationary ARFIMA(1,d,1) model with the same AR and MA
parameters as the first simulated series, and with memory parameter d = 0.3. The levels
of the series are recovered by cumulative sums, and show nonstationary long memory
behavior. Both series are plotted in figure The goodness-of-fit criterion based on
deviance is minimum for p = 2, as shown in Figure The red curve (p = 2) captures
the long memory properties of the series, highlighting the presence of a spectral pole at

Zero.
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Figure 10: x;: ARFIMA(1,d,1); y;: first differenced series.
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Figure 11: ARFIMA(1,d,1) plot. Top: deviance measure vs p. Bottom: periodogram
and spectral estimates f, with p = 2, 1.

Finally, we consider a stationary long memory series with a change in the Wold
parameter, by simulating the first 7} = 1000 observations of the z; series from an
ARFIMA(1,d,0) model with ¢ = 0.7 and d = 0.45 and the last T, = T} observations
from an ARFIMA(0,d,1) with # = 0.2 and d = 0.45. The levels and first differences of

the series are plotted in Figure
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Figure 12: x;: ARFIMA(1,d,1) with parameter changes; v;: first differenced series.

The selected spectral model for this series, based on the deviance measure in Figure
corresponds to p = —2.5. The bottom panel of the series plots the spectral estimates
computed on the differenced series and shows that at the minimum periodogram ordinate,
at zero frequency, pr with p = —2.5 lies below the other curves, while the spectral estimate
for p = —1.5 is slightly above it. The curve corresponding to p = 1.5 is the most flat one

among the three compared. While ]?_1.5 and f_g partially overlap.
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Figure 13: ARFIMA(1,d,1) with parameter changes. Top: deviance measure vs p. Bot-
tom: periodogram and spectral estimates f, with p = —2.5,-1.5,1.5

7 Empirical application

This Section applies the estimation procedure described above to U.S. inflation and in-
flation expectations. The objective is to characterize the temporal dependence structure
of aggregate expectation dynamics and compare it to the dynamics of realized inflation.

In the framework introduced in the previous Sections, the parameter p measures the rel-

38



ative importance of certain frequency contributions to the total variation of the process:
low values indicate that periodogram peaks are downweighted, suggesting that they are
spurious, while high values indicate that most variation is attributable to sinusoidal com-
ponents at specific frequencies, which receive higher weight in the estimation procedure.

To interpret the estimates economically, the analysis considers three related time
series: realized inflation, aggregate inflation expectations, and forecast errors. Together,
they allow us to distinguish between salience in the underlying macroeconomic signal,
the component incorporated into beliefs, and the residual information not reflected in

expectations.

7.1 Data

Inflation realizations are constructed from the Consumer Price Index for All Urban Con-
sumers (CPI-U), obtained from the Federal Reserve Bank of St. Louis FRED database
(series CPTAUCSL). The monthly index is converted into a twelve-month inflation rate in
order to match the horizon of survey expectations.

Aggregate inflation expectations are taken from the University of Michigan Surveys of
Consumers, using the FRED series MICH, which reports one-year-ahead expected inflation
at monthly frequency. This series provides an aggregate measure of household inflation
beliefs and can be interpreted as a representative indicator of consumer expectations at
each point in time.

The Michigan expectations series consists of monthly observations from January 1,
1978 to February 1, 2026. After aligning realizations and expectations in time, the
empirical analysis uses a monthly sample starting in January 1978 and ending at the
latest date for which twelve-month realized inflation can be matched to the expectation
observed at the time the forecast was formed /]

Forecast errors are defined as the difference between realized inflation over the follow-
ing twelve months and the expectation reported at the time the forecast was made. This

variable captures the component of inflation not incorporated into beliefs when expecta-

! Because realized inflation is defined over the following twelve months, the final year of CPI observa-
tions cannot be used directly in the comparison and is therefore excluded after alignment.
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tions are formed and therefore represents residual information relative to expectations.
After aligning realizations and expectations in time, the final dataset consists of three

monthly time series:

e realized inflation,
e expected inflation (Michigan, one-year ahead),

e forecast errors.

Within the empirical framework of the paper, realized inflation represents the un-
derlying macroeconomic signal with potentially salient information, expectations capture
perceived inflation dynamics, and forecast errors measure the remaining unincorporated

information.

7.2 Results

For each of the three series — realized inflation, aggregate expectations, and forecast
errors — the optimal selection procedure described in Section {4 is applied to first differ-
enced data, inducing stationarity. The optimal selection of p is conducted over a grid of
positive values for interpretability purposes, with p € [0.01, 10]. The analysis is conducted
separately for the three variables in order to compare the temporal dependence structure
of their dynamics. The optimal parameter p is selected using the frequency-domain crite-
rion and inference is obtained via bootstrap. In this framework, the parameter p selects
the optimal model in the class of spectral models and may highlight salient features of
the spectrum. Low values of p correspond to a relatively even weighting of spectral con-
tributions in the Whittle-type criterion, while high values indicate that the fit is driven
more strongly by a subset of large spectral components.

Table [3| reports the estimated values of p, together with bootstrap standard errors
obtained over B = 700 bootstrap replications.

The results reported in Table |3 suggest that the salience parameter is above unity

across the three series considered. For realized inflation, the estimated value is rela-
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Table 3: Estimated power parameter p

~

Series p  Std. Error
Realized inflation 9.58 1.73

Inflation expectations 4.59 2.03
Forecast errors 3.66 1.08

tively large, with p = 9.58, indicating a pronounced departure from the neutral bench-
mark p = 1. This frequency-domain evidence is consistent with the presence of major
macroeconomic developments affecting inflation over the sample period, including the
high-inflation episodes of the late 1970s and early 1980s as well as the post-2021 inflation
surge. However, the parameter p itself does not identify the timing or nature of such de-
velopments; rather, it summarizes the extent to which variation is concentrated in salient
dynamic components.

Inflation expectations also display a value of p clearly above one, with p = 4.59, al-
though lower than that of realized inflation. This indicates that expectations exhibit
substantial spectral structure, but with a more diffuse distribution of variance across
frequencies than realized inflation. In other words, expectations inherit part of the sys-
tematic dynamics of inflation, yet their variability is less concentrated in a narrow set of
oscillatory components, consistent with a partial filtering or smoothing of the underlying
inflation process.

This pattern is consistent with the idea that expectation formation incorporates dy-
namic structure of realized inflation in an attenuated way. The parameter p does not
identify the specific mechanism behind this attenuation, yet it suggests that the trans-
mission from inflation to expectations is incomplete and subject to selective incorporation
of its dynamic components.

At the same time, the bootstrap standard errors are non-negligible relative to the
point estimates, especially for expectations. This reflects the flatness of the deviance
criterion used to select p and the resulting sampling variability of the optimal parameter
selector. Therefore, the point estimates should be interpreted primarily as indicating

the presence and relative strength of salient spectral structure, rather than as sharply
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identified structural constants.

In the case of forecast errors, the selected optimal value p = 3.66 still lies well above
unity, although it is substantially smaller than the values obtained for the other two series.
This indicates that forecast errors are not spectrally white. Instead, they retain structured
dynamic components, implying that expectations do not eliminate all systematic variation
in the inflation process. In other words, the dynamic structure of inflation is only partially
internalized by expectations. The salient component of inflation not incorporated into

expectations is therefore not purely random noise.

7.3 Discussion

The empirical findings can be interpreted in relation to models of salience-based expec-
tation formation. In the salience framework, agents do not process all available informa-
tion symmetrically; instead, they place disproportionate weight on the most prominent
or salient aspects of the economic environment. As a consequence, expectations may
reflect certain components of macroeconomic dynamics more strongly than others. From
the perspective of salience theory, this pattern is consistent with the idea that agents
selectively incorporate the most prominent features of macroeconomic fluctuations while
other components receive less attention.

Importantly, this interpretation should not be viewed as a rejection of rational expec-
tations. Rational expectations allow forecast errors to arise from unpredictable structural
changes in the economic environment. Rather, the results are consistent with a broader
class of models in which expectation formation reflects partial or selective processing of
macroeconomic information.

Specifically, the evidence points to an incomplete transmission of inflation’s dynamic
structure into expectations. Although beliefs internalize part of the systematic variation
in realized inflation, they do not fully eliminate its structured components. As a result,
residual forecast errors retain some dynamic structure rather than behaving as purely
diffuse disturbances.

Overall, the dynamic structure of realized inflation attributable to salient events is
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only partially reflected in expectations. While beliefs incorporate a substantial share
of the systematic variation present in inflation, they do not reproduce its full spectral
structure. Such results can also be interpreted in light of models of salience and diag-
nostic expectations. In these frameworks, agents do not process all available information
symmetrically; instead, they overweight the most prominent aspects of the economic envi-
ronment while placing relatively less weight on less visible components of macroeconomic

dynamics.

8 Conclusion

This paper proposes a statistical framework to detect salience and its effects in time
series. By focusing on the dimensions of surprise and prominence, and by embedding
them in the spectral representation of a stochastic process, the paper provides tools to
study how salient features of economic dynamics may shape expectation formation.

The main contribution is to provide a statistical characterization of salience for tem-
porally dependent data, thereby extending the salience framework from cross-sectional
settings to time series. Second, it develops an operational strategy that can be applied
to observed historical data. Third, it shows how the salience parameter can be used to
study expectation formation in macroeconomics. This parameter is selected optimizing
a goodness-of-fit Whittle-type criterion. It summarizes the extent to which emphasiz-
ing spectral peaks improves the model fit, indicating evidence of salience and its effects.
In this framework, salience is not defined in terms of isolated large observations, but in
terms of the extent to which the dynamic structure of a series is dominated by systematic
components that stand out relative to the rest of the process.

The numerical exercises show that the proposed approach is able to distinguish be-
tween processes with little salience and processes whose dynamics are strongly structured.
The empirical application to U.S. inflation and inflation expectations illustrates the rel-
evance of the method in a macroeconomic context. The estimates indicate that realized

inflation exhibits the strongest spectral structure, aggregate expectations also display
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substantial structure, and forecast errors remain non-diffuse. This suggests that expec-
tations reflect part of the systematic variation in inflation, but do not fully incorporate
its dynamic structure.

From an economic perspective, the results are consistent with the view that expec-
tation formation is not based on a complete and symmetric processing of all available
macroeconomic information. Instead, some components of inflation dynamics appear to
be internalized more strongly than others. This interpretation is broadly consistent with
models of salience, diagnostic expectations, limited attention, and infrequent updating,
although the evidence should not be read as a direct rejection of rational expectations.
Rather, the findings suggest that the transmission from realized inflation to expectations
is incomplete, leaving residual structured dynamics in forecast errors.

More broadly, the paper suggests that salience can be studied statistically in observed
macroeconomic data and not only inferred from experimental or survey evidence. This
opens the possibility of bringing behavioral notions of attention into formal time series
analysis, thereby creating a bridge between behavioral economics and empirical macroe-

conometrics.
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