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Forecasting inflation:

The sum of the cycles outperforms the whole⋆

Fabio Verona∗

Abstract

Inflation dynamics reflect forces operating at different cycles, from short-lived shocks to long-

term structural trends. We introduce the sum-of-the-cycles (SOC) method, which exploits this multi-

frequency structure of inflation for forecasting. SOC decomposes inflation into cyclical components,

applies forecasting models suited to their persistence, and recombines them into an aggregate fore-

cast. Across U.S. inflation measures and horizons, SOC consistently outperforms leading time-series

benchmarks, reducing forecast errors by about 25 percent at short horizons and nearly 50 percent

at long horizons. During the 2020-21 inflation surge, when many models – including advanced

machine-learning methods – struggled, SOC retained strong performance by incorporating shortage

indicators. Beyond accuracy, SOC enhances interpretability: financial variables dominate high- and

business-cycle frequencies, Phillips Curve models are most informative at medium frequencies, and

factor-based methods, forecast combinations, and shortage indices prevail at low frequencies. This

combination of accuracy and transparency makes SOC a practical complement to existing tools for

inflation forecasting and policy analysis.

Keywords: inflation forecasting; frequency decomposition; cycles; forecast combination; shortage

indicators; Phillips curve; macro-finance.
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1 Introduction

Inflation dynamics are driven by multiple forces operating at different frequencies. Short-run fluctua-

tions arise from transitory shocks such as energy prices or exchange rates, while medium- and long-run

movements reflect more persistent drivers, including labor-market slack, monetary and fiscal policy, and

demographic trends. This perspective – captured in Yellen’s (2016) discussion of inflation and later

termed the “Fed’s view” by Hasenzagl, Pellegrino, Reichlin and Ricco (2022) – aligns closely with the

New Keynesian Phillips Curve (à la Coibion and Gorodnichenko, 2015), in which expectations anchor

long-run inflation, resource utilization drives business-cycle dynamics, and cost-push shocks generate

short-term volatility.

Traditional forecasting models, beginning with Gordon (1970), compress this heterogeneous structure

into a single aggregate process. This helps explain why simple benchmarks such as the Atkeson-Ohanian

(2001) random-walk model remain difficult to outperform – a result repeatedly documented in the inflation-

forecasting literature (e.g., Faust and Wright, 2013 and Rossi, 2025). Even the New Keynesian Phillips

Curve, while conceptually consistent with a multi-frequency view, has delivered limited forecasting gains

in practice. What remains missing is a method that forecasts inflation by explicitly exploiting frequency-

specific dynamics in a systematic and transparent way.

To fill this gap, we develop the sum-of-the-cycles (SOC) method. The key idea is straightforward: rather

than forecasting inflation directly, the series is decomposed into frequency components. Each component

is forecast with the model best suited to its behavior, and the resulting forecasts are recombined into

an aggregate inflation forecast. The novelty lies not only in decomposing inflation into frequency com-

ponents but also in aligning predictors with the persistence levels they capture, following a bottom-up

logic inspired by sum-of-the-parts approaches in finance (e.g., Ferreira and Santa-Clara, 2011 and Faria

and Verona, 2018). Applied here for the first time to inflation forecasting, SOC provides a practical and

interpretable tool for analyzing inflation dynamics.

Our results show that the SOC method delivers substantial and economically meaningful forecasting

gains. Across U.S. inflation measures and horizons, SOC consistently outperforms leading time-series
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benchmarks, with improvements especially pronounced at medium and long horizons, where forecast

errors fall by nearly 50 percent. During the 2020-21 inflation surge – when most models, including

advanced machine-learning methods (Naghi, O’Neill and Danielova Zaharieva, 2024), struggled – SOC

retained strong performance by incorporating shortage indicators at the relevant frequencies. This ro-

bustness underscores its practical value for both forecasting and policy analysis.

Beyond accuracy, SOC enhances interpretability. Because the decomposition is explicit, movements in

inflation forecasts can be attributed to specific predictors operating at specific frequencies. Financial

variables dominate high- and business-cycle dynamics; Phillips Curve models are most informative at

medium frequencies; and factor-based approaches, forecast-combination models, and shortage indicators

prevail at low frequencies. This transparency is particularly valuable for policy institutions seeking to

distinguish between temporary and persistent inflation pressures.

Relative to existing approaches, SOC advances the literature in three main ways. First, unlike trend-cycle

decompositions that focus primarily on estimating long-run inflation (e.g., Stock and Watson, 2007, 2016,

and Hasenzagl et al., 2022), SOC produces forecasts across all frequencies, preserving the richness of

inflation dynamics. Second, unlike Martins and Verona (2024), who apply frequency-specific forecasting

within a Phillips Curve setting, SOC generalizes this logic by combining a broad set of econometric

models and predictors tailored to each frequency. Third, unlike machine-learning, wavelet-factor, and

other data-rich models (e.g., Stock and Watson, 1999, 2002, Banbura, Giannone and Reichlin, 2010,

Rua, 2011, 2017, Giannone, Lenza and Primiceri, 2015, Medeiros, Vasconcelos, Veiga and Zilberman,

2021, and Naghi et al., 2024), SOC remains transparent and modular, allowing the contribution of each

predictor and frequency to be traced directly. At the same time, SOC is aligned with other bottom-up

approaches in the forecasting literature (e.g., Byrne, O’Gorman, Scally and Zekaite, 2024 and Joseph,

Potjagailo, Chakraborty and Kapetanios, 2024), but it differs in a crucial respect: the disaggregation here

is not across sectors, variables, or countries, but across frequencies, which map directly onto economic

persistence and horizon-specific predictability.

This frequency-specific perspective has a natural theoretical underpinning in models of information

rigidities. In sticky-information frameworks (Mankiw and Reis, 2002, Reis, 2006a,b, and Verona, 2014),
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agents update information infrequently, causing transitory shocks to be largely ignored while persis-

tent shocks accumulate and shape expectations. Similarly, in noisy-information models (Sims, 2003

and Mackowiak and Wiederholt, 2015), agents filter information imperfectly, dampening high-frequency

noise while allowing persistent components to dominate. Both mechanisms support the view that infla-

tion predictability varies systematically across frequencies.

The rest of the paper is organized as follows. Section 2 illustrates the potential gains from exploiting

frequency-specific information. Section 3 describes the data, the frequency decomposition, and provides

a first look at the frequency dependence between inflation and its predictors. Section 4 outlines the

forecasting methodology and models. Section 5 presents the empirical results, and section 6 concludes.

2 Potential gains from frequency-specific forecasting

Reliable inflation forecasts must account for the slowly evolving local mean of inflation. Consequently,

accurate prediction of the low-frequency component is essential (see, e.g., Stock and Watson, 2007,

2016, del Negro and Schorfheide, 2013, Faust and Wright, 2013, and Chan, Clark and Koop, 2018). For

instance, Martins and Verona (2024) show that a low-frequency New Keynesian Phillips Curve model

significantly outperforms the random-walk benchmark. However, focusing exclusively on low-frequency

dynamics provides only limited improvements, as it neglects the richer multi-frequency structure of in-

flation. Capturing these additional components – particularly short- and medium-term fluctuations – is

crucial for achieving substantial forecasting gains.

To assess the potential benefits of the SOC method, we consider a hypothetical case in which each

frequency component of inflation is assumed to be predicted perfectly. This exercise provides an upper

bound on the accuracy that could be achieved by exploiting frequency-specific information, even though

such performance is unattainable in practice. Table 1 reports the resulting root mean squared forecast

error (RMSE) of Consumer Price Index (CPI) inflation relative to the random walk at horizons of one

quarter (h=1), one year (h=4), and two years (h=8). The frequency components are labeled D1 through
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D6, ordered from highest to lowest frequency.1

Across all forecasting horizons, only the lowest-frequency component D6, which captures cycles longer

than 16 years, outperforms the random walk on its own (see the diagonal of the table). This confirms the

well-documented importance of low-frequency dynamics in inflation forecasting. However, when higher-

frequency components are progressively added to D6, forecast accuracy improves markedly. Reductions

in RMSE reach up to 60 percent relative to the random walk. By contrast, aggregating higher-frequency

components while excluding D6 performs poorly, underscoring the central role of the low-frequency

component as the foundation for accurate forecasts.

These results highlight the value of a forecasting method that systematically exploits the entire spectrum

of inflation dynamics – a role played by the SOC method.

3 Data, filtering, and frequency-domain properties

We now turn to the empirical setting, introducing the data, the frequency-decomposition methodology,

and the descriptive properties of inflation and its predictors across cycles.

3.1 Measures and predictors of inflation

We use quarterly U.S. time series spanning 1978:Q1-2024:Q4. Let Pt denote either the CPI or the Per-

sonal Consumption Expenditures (PCE) price index in quarter t. Our forecasting exercise targets the

annualized h-period average inflation rate, computed as

π
h
t =

400
h

ln
(

Pt

Pt−h

)
,

for horizons h=1, 4, and 8, corresponding to one quarter, one year, and two years, respectively – intervals

particularly relevant for monetary policy deliberations.

1 Details of the frequency decomposition are provided in section 3.2.
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PCE inflation is the Federal Open Market Committee’s (FOMC) preferred measure because it aligns

with its policy target and incorporates a broader expenditure base. CPI inflation, while more volatile,

provides a sharper signal of prices actually paid by households and is particularly informative for short-

term dynamics. As shown in table 2, panel A, PCE inflation is slightly less volatile and more persistent

than CPI inflation, primarily due to lower weights on housing, energy, and food. The correlation between

the two measures is high – 0.96, 0.98, and 0.99 for h=1,4, and 8 – indicating that, despite their differences,

the two series capture broadly similar dynamics across horizons.

Our predictor set combines traditional macro-financial variables widely used in the inflation forecasting

literature (see, e.g., Stock and Watson, 2003 and Ang, Bekaert and Wei, 2007) with novel news-based

measures of supply constraints. We use 20 predictors in total.

Monetary and financial indicators. Real M2 growth is included as a monetary measure, consistent

with the quantity-theory tradition. Short-term interest rates, including the three-month Treasury bill rate

(TBL) and the shadow federal funds rate (SHR), transmit monetary policy conditions. The term spread

(TMS), also known as the slope of the yield curve, is a well-established leading indicator of the business

cycle and inflation. Long-term government bond returns (LTR) and the default return spread (DFR)

capture risk premia and inflation hedging motives. The dividend-price ratio (DP) is a valuation measure

often used to forecast long-horizon returns and inflation.

Expectations. Inflation expectations from the Michigan Survey of Consumers (MSC) provide forward-

looking information that enters standard Phillips Curve models.

Real activity and slack. Unemployment (U) and the jobs-workers gap (JWG) proxy labor market slack.

The Chicago Fed National Activity Index (CFNAI) summarizes a broad range of economic activity and

has a long tradition in inflation forecasting, while the more recently proposed Sahm rule (SAHM) serves

as a timely recession indicator.

Commodity and energy indicators. The CPI energy component (ENERGY) and crude petroleum pro-

ducer prices (OIL) capture cost shocks that directly pass through to headline inflation at short horizons

and may also shape longer-term inflation expectations.
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Shortage indices. Finally, we include the Caldara, Iacoviello and Yu (2025) news-based shortage indices,

which capture supply-side constraints usually not captured by standard macro-financial predictors. These

include an overall index (SH-all) and disaggregated measures for industries (SH-ind), energy (SH-en),

food (SH-food), and labor (SH-lab), as well as an aggregate U.S. shortage index (SH-USA).

A detailed description of the predictors is provided in appendix A. Figure 4 plots the time series of all

20 predictors, illustrating their heterogeneity in persistence and volatility over the sample. Table 2, panel

B summarizes their descriptive statistics. The table highlights substantial cross-sectional variation: some

predictors, such as DP and MSC, are highly persistent and smooth, while others, such as OIL and short-

term interest rates, exhibit greater volatility and rapid adjustments. This diversity suggests that these

variables may provide complementary information at different frequencies and forecast horizons.

Our analysis relies on final-vintage data rather than real-time vintages. Although some series – such

as PCE inflation and monetary aggregates – are subject to revisions, a large body of evidence (e.g.,

Croushore and Stark, 2001, Clark and McCracken, 2010, and the survey by Faust and Wright, 2013)

shows that revisions to several inflation measures are generally small and concentrated in short-lived,

high-frequency adjustments, and forecast-error statistics are typically not sensitive to the distinction be-

tween real-time and latest-available data. Since the SOC method decomposes inflation and predictors

across frequencies, such revisions have limited influence on the components that drive most of its fore-

cast performance, namely business-cycle and lower-frequency movements. For these reasons, we base

our assessment on the latest available vintages.

3.2 Frequency decomposition methodology

To extract the frequency components from inflation and its predictors, we employ wavelet multiresolution

analysis (MRA). This method decomposes a time series into multiple frequency bands, enabling a more

granular analysis of the short-, medium-, and long-run dynamics embedded in each series (Percival and

Walden, 2000).
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For a generic series Xt , the multiresolution representation is

Xt =
J

∑
j=1

XD j
t +XSJ

t , (1)

where XD j
t ( j = 1,2, . . . ,J) represent the detail (higher-frequency) components and XSJ

t denotes the

smooth (low-frequency) component. Lower values of j correspond to higher-frequency fluctuations,

while higher values of j capture slower, persistent movements.

We implement the maximal overlap discrete wavelet transform (MODWT) with the Haar wavelet filter,

a standard choice in macrofinance applications (Bandi, Perron, Tamoni and Tebaldi, 2019, Kilponen

and Verona, 2022, Martins and Verona, 2023, 2024, Stein, 2024, Canova, 2025, and Faria and Verona,

2025a,b). The detail and smooth components are computed as:

XD j
t =

1
22 j

[
2( j−1)−1

∑
i=0

−
2 j−1

∑
i=2( j−1)

]2( j−1)−1

∑
p=0

−
2 j−1

∑
p=2( j−1)

Xt+i−pmod T (2)

and

XSJ
t =

1
22J

2J−1

∑
i=0

2J−1

∑
p=0

Xt+i−pmod T , (3)

where mod denotes the modulo operator for boundary correction. To minimize filtering distortions at the

sample edges, we follow Gallegati, Gallegati, Ramsey and Semmler (2011), Kang, In and Kim (2017),

and Stein (2024) and apply reflecting boundary conditions.

Given the sample length, we set J=5, which yields six components: five detail components (D1 through

D5) and one smooth component (S5, hereafter denoted D6). These correspond to fluctuations with peri-

odicities of 2-4 quarters (D1), 1-2 years (D2), 2-4 years (D3), 4-8 years (D4), 8-16 years (D5), and more

than 16 years (D6).2 By construction, the sum of these frequency components exactly reconstructs the

original series. In other words, adding the detail and smooth components together yields the full series

2 In the MODWT, each wavelet filter at frequency j approximates an ideal high-pass filter with passband f ∈[
1/2 j+1 , 1/2 j

]
, while the smooth component is associated with frequencies f ∈

[
0 , 1/2 j+1

]
. As regards the choice of J,

the number of observations dictates the maximum number of frequency bands that can be used. In particular, if t0 is the
number of observations in the in-sample period, then J has to satisfy the constraint J ≤ log2 t0.
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without loss of information. Robustness checks with alternative filters are reported in section 5.4.2.

Figure 1 illustrates this decomposition for CPI and PCE inflation at h=1. Lower-frequency components

capture the smooth, persistent trends, while higher-frequency components reflect the rapid, short-term

fluctuations often associated with transitory shocks. Similar patterns are observed at h=4 and h=8, as

shown in figures 2 and 3.

Because the SOC method is designed to exploit differences in persistence and horizon-specific pre-

dictability, we next analyze how inflation and its predictors behave across frequencies. This descriptive

evidence provides the empirical foundation for the forecasting analysis that will follow.

3.3 Frequency-domain properties of inflation and predictors

A key advantage of the SOC method is its ability to exploit the multi-frequency structure of inflation

and its predictors. In this section we explore how inflation and its predictors behave across different

frequency bands. Subsection 3.3.1 summarizes the descriptive frequency characteristics of the series,

while subsection 3.3.2 examines the frequency relationship between inflation and its predictors.

3.3.1 Variance decomposition by frequency

Table 3 reports the spectral decomposition of the target variables and predictors. The results reveal

pronounced heterogeneity in how variance is distributed across frequencies.

For both CPI and PCE inflation, variance spans the entire spectrum but becomes increasingly concen-

trated in the low-frequency bands (D5 and D6) as the inflation measure becomes more persistent. At

the two-year average (h=8), more than 60 percent of inflation’s variance is captured by the D6 compo-

nent, consistent with its strong persistence and alignment with the Federal Reserve’s long-run inflation

target. This highlights the central role of low-frequency dynamics in shaping medium- and long-horizon

forecasts.

Predictors display equally rich frequency-specific patterns. For the predictors that exhibit high persistence

(see table 2), such as DP, TBL, SHR, and OIL, more than 60 percent of their variance is concentrated in
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the low-frequency band D6. In contrast, long-term government bond returns (LTR) and the default return

spread (DFR) are dominated by high-frequency movements, providing timely information for short-run

inflation dynamics. Other variables, such as the term spread (TMS) and unemployment (U), display

a more balanced variance distribution across short-, medium-, and long-term components, highlighting

their relevance across the frequency spectrum. Finally, the shortage indices (SH-) also concentrate much

of their variance in the D6 band, though SH-en is relatively more tilted toward higher frequencies, sug-

gesting that energy-related shortages contribute both transitory and persistent components to inflation

dynamics.

Overall, this complementary structure across predictors motivates the next subsection, where we examine

directly how the frequency components of predictors relate to those of inflation.

3.3.2 Frequency dependence between inflation and predictors

As a preliminary step, we examine whether inflation and its predictors display systematic relationships

across frequencies. This exercise is descriptive rather than a forecasting test: our aim is to illustrate the

alignment of predictors with specific inflation components and to motivate the SOC method developed in

section 4.

To this end, we estimate by ordinary least squares (OLS) a set of bivariate regressions of the form

π
D j,h
t = cD j,h

p +α
D j,h
p xD j

p,t + ε
p,D j,h
t ,

where π
D j,h
t denotes the component of inflation at frequency band Dj (j=1, ... ,6) for inflation measure h,

and xD j
p,t is the corresponding frequency component of predictor p. All predictors are standardized to unit

variance prior to filtering. We focus on results for CPI inflation at h=4 (one-year average inflation), since

the patterns for quarterly (h=1) and two-year-average (h=8) CPI inflation, as well as for PCE inflation,

are broadly similar.

Figure 5 displays the regression results in heatmap form. Each cell corresponds to a specific predictor–

frequency combination. The color indicates the explanatory power (R2) of the regression, with lighter
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shades denoting higher values, while the numerical entries report the estimated coefficient (first line) and

the R2 (second line), together with conventional significance stars. Predictors are listed along the vertical

axis, with DP placed at the top, and frequency bands are shown on the horizontal axis. This format

provides a compact and intuitive overview of frequency-specific relationships, facilitating comparisons

across predictors and frequencies at a glance.

Several systematic patterns emerge. M2, MSC, U, CPI energy, OIL, TBL, and SAHM exhibit explanatory

power across the entire frequency spectrum, indicating that these variables embed both short-run and

long-run information for inflation. TMS and SHR display their strongest links at business-cycle and

medium frequencies (D3-D5), with some spillovers into D6, consistent with their role in capturing cyclical

demand and supply pressures. DFR and JWG relate mainly to inflation at short-run and business-cycle

frequencies, where their predictive content is strongest. By contrast, DP emerges primarily as a low-

frequency signal, with strong predictive strength concentrated in the D6 band. Finally, most shortage

indicators load significantly at business-cycle and medium frequencies (D3-D5), while SH-en also has

strong explanatory power in D6, suggesting that persistent energy-related shortages can influence both

cyclical and long-run inflation dynamics.

This regression analysis reveals substantial heterogeneity in how different predictors align with inflation

across frequencies. Some predictors carry information across the full spectrum, others are concentrated

in business-cycle or short-run bands, and a few are anchored in the low-frequency band. This diversity of

frequency-specific relationships is valuable, as it provides complementary signals at different horizons.

Taken together, these findings provide preliminary support for the idea that predictors should be matched

to the persistence levels they capture. This motivates the need for a forecasting method that can system-

atically exploit such frequency-specific alignment – precisely the role of the SOC method introduced in

the next section.
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4 Forecasting methodology and models

4.1 Forecasting methodology

Out-of-sample forecasts are generated using a direct forecasting approach with expanding estimation

windows. The first forecasts are produced using the sample 1978:Q1-1999:Q4, after which the sample

is expanded by one observation and the models are re-estimated, producing a new set of forecasts. We

focus on the annualized h-quarter average inflation rates πh
t , with forecasts denoted π̂h

t+h.

Although rolling-window forecasts could also be considered, we adopt expanding windows because

the accuracy of the wavelet decomposition benefits from the longest possible sample. Importantly, the

MODWT is a two-sided filter, but the decomposition is updated recursively at each point in time using

only data available up to that quarter. The use of the modulo operator in the decomposition ensures that

no forward-looking information contaminates the forecasts, thereby guaranteeing real-time feasibility.

4.2 Time-series models

We next turn to the suite of forecasting models. The heterogeneous persistence and volatility of infla-

tion and its predictors across frequencies motivate a broad range of econometric specifications. Broadly

speaking, we consider standard linear models such as bivariate, multivariate, and Phillips Curve regres-

sions; dimensionality-reduction and shrinkage methods; and forecast-combination models with fixed and

time-varying weights. This set of models provides a comprehensive overview of approaches commonly

used in the literature, though it is not exhaustive (see, e.g., Rossi, 2025). For example, we do not include

ARIMA or (Bayesian) VARs models, as they typically do not outperform simpler time-series approaches

(Faust and Wright, 2013). We also exclude theoretical models such as agent-based and DSGE models

due to their mixed forecasting performance (e.g., Poledna, Miess, Hommes and Rabitsch, 2023, del Ne-

gro, Dogra, Gleich, Gundam, Lee, Nallamotu and Pacula, 2024, and Martinez-Martin, Morris, Onorante

and Piersanti, 2024).
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4.2.1 Benchmark model

The most widely used benchmark model in the literature on inflation forecasting is the random-walk

model of Atkeson and Ohanian (2001) (denoted AO). According to this model, the h-period-ahead fore-

cast is an average of inflation in the past four quarters: π̂h
t+h =

1
4 ∑

3
τ=0 πh

t−τ .

Another commonly used benchmark is the unobserved components stochastic volatility (UCSV) model

of Stock and Watson (2007). However, this model has not consistently outperformed simple univariate

benchmarks (Jarocinski and Lenza, 2018 and Banbura, Lenza and Paredes, 2024), and its forecasts are

often close to those of the random-walk model (Verbrugge, 2024). Given this evidence, we leave the

UCSV model out and consider the AO model as the most informative and challenging benchmark for

U.S. inflation.

4.2.2 Other time-series models

We begin by considering a suite of standard time-series (TS) models widely used in the inflation fore-

casting literature. The first is a simple autoregressive specification, the AR(p) model:

π
h
t = α +ϕ1π

h
t−1 +ϕ2π

h
t−2 + . . .+ϕpπ

h
t−p + εt ,

where p denotes the number of lags. The h-quarter-ahead forecasts are given by

π̂
h
t+h = α̂ + ϕ̂1π

h
t−1 + ϕ̂2π

h
t−2 + . . .+ ϕ̂pπ

h
t−p .

The lag length is selected using both the AIC and SIC criteria, with a maximum of six lags allowed; the

resulting models are denoted AR-AIC and AR-SIC.

Next, we estimate a New Keynesian Phillips Curve (NKPC) model, following the framework of Coibion

and Gorodnichenko (2015). The model is specified as:

π
h
t = ch,PC +α

h
1 MSCt−1 +α

h
2 slackt−1 +α

h
3 ENERGYt−1 + ε

h,PC
t ,
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where MSC represents inflation expectations, slack is alternatively measured by the unemployment rate

(U), the JWG index, or the Sahm rule (SAHM), and ENERGY is energy inflation. Forecasts are computed

as:

π̂
h
t+h = ĉh,PC + α̂

h
1 MSCt + α̂

h
2 slackt + α̂

h
3 ENERGYt .

The three variants of this model are labeled PC1 (U as the slack measure), PC2 (JWG), and PC3 (SAHM).

In addition, we estimate 20 bivariate models of the form:

π
h
t = ch,p +β

h,pxp,t−1 + ε
h,p
t ,

where xp is one of the 20 predictors described in section 3.1, and the corresponding forecasts are:

π̂
h
p,t+h = ĉh,p + β̂

h,pxp,t .

Models are labeled with the acronym of the predictor used (e.g., MSC, DP, SH).

We further consider shrinkage methods, including LASSO (Tibshirani, 1996), elastic net (ENET; Zou

and Hastie, 2005), and ridge regression (RIDGE; Hoerl and Kennard, 1970). These models handle high-

dimensional predictor sets by shrinking coefficients toward zero, which helps prevent overfitting while

retaining relevant predictors.3

To exploit dimensionality reduction, we apply principal component analysis (PCA) and partial least

squares (PLS). For PCA, the first principal component extracted from the predictor set is used as a single

predictor in the bivariate regression. While PCA effectively reduces dimensionality, it does so without

exploiting the information contained in the dependent variable, potentially limiting its predictive power.

To address this, we also implement a PLS regression, which incorporates information from the dependent

3 For the LASSO forecast, we estimate a penalized regression that shrinks some coefficients exactly to zero. We let the
strength of the penalty vary over a fine grid of values between 0.01 and 1, and we select the preferred specification using
five-fold cross-validation. For RIDGE, we estimate a regression that shrinks coefficients toward zero without eliminating
predictors; here the penalty strength ranges from 0.1 to 1, and we choose the value that yields the lowest in-sample prediction
error. For the ENET, which blends the two types of shrinkage, we evaluate several mixtures between LASSO-type and
RIDGE-type penalization, and for each mixture we again search over the same grid of penalty strengths as in the LASSO
case. The final ENET model corresponds to the combination that minimizes the cross-validation error.
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variable when extracting the factor, thereby improving predictive performance (Kelly and Pruitt, 2013,

2015 and Dai, Jiang, Kang and Xue, 2025). For out-of-sample forecasts, we include only the first PLS

factor as a predictor.4 In both these dimensionality reduction models, the predictors are standardized to

mean zero and unit variance before extracting the components.

The last group of models consists of forecast combinations, which pool information across the previous

30 models following the approach of Stock and Watson (2004) and Rapach, Strauss and Zhou (2010).

Letting π̂h
m,t+h denote the forecast from model m, the combined forecast is:

π̂
h
c,t+h =

mmax

∑
m=1

ωm,t π̂
h
m,t+h ,

where ωm,t represents the combining weights and mmax is the number of models combined. We consider

two broad classes of combinations. The first applies fixed weighting schemes: a simple average across

forecasts (C-MEAN), the median (C-MEDIAN), and a trimmed mean (C-Tr.Mean) that excludes the

lowest and highest forecasts before averaging. The second class employs time-varying weights based

on the historical out-of-sample performance of individual models, using the discounted mean squared

prediction error (DMSPE) method. In this approach, the weights are given by:

ωm,t =
φ
−1
m,t

∑
30
m=1 φ

−1
m,t

, φm,t =
t−1

∑
s=n

θ
t−1−s

(
π

h
t+h − π̂

h
m,t+h

)2
,

where n denotes the last observation before the holdout period and θ is the discount factor controlling

how much weight is placed on more recent performance. When θ = 1, there is no discounting, replicating

the optimal combination rule of Bates-Granger (1969) under uncorrelated forecast errors. Lower values

of θ place greater emphasis on recent performance, producing more dynamic weights. We implement

four specifications with θ = 0.25, 0.50, 0.75, and 1, denoted C-DMSPE 0.25, C-DMSPE 0.50, C-DMSPE

0.75, and C-DMSPE 1, respectively. The holdout period used to initialize the performance weights spans

4 For both PCA and PLS, it is possible to include multiple factors – as well as linear or non-linear combinations of these
factors – within a multivariate regression framework, as in Ludvigson and Ng (2007) and Lin, Wu and Zhou (2018). Huang,
Jiang, Li, Tong and Zhou (2022) propose a scaled principal component analysis, which, in spirit, is conceptually similar to
PLS, as it assigns greater weight to predictors that are more strongly correlated with the target variable during factor extraction.
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1995:Q1-1999:Q4.5

In total, we consider 37 TS models: two AR models, three Phillips Curve models, 20 bivariate models,

PCA, PLS, three shrinkage models (LASSO, ENET, RIDGE), and seven forecast combinations (of the

previous 30 models). Ultimately, for each inflation measure and horizon, we report the TS specification

with the lowest out-of-sample RMSE over the full evaluation period.

4.3 The SOC method

For each frequency component of inflation, we estimate 38 models: the same 37 TS models described in

section 4.2.2 plus one additional variant of the PLS model.

To illustrate how the forecasts in the frequency domain are made, consider the Phillips Curve specifica-

tion. For each frequency Dj (j=1,. . . ,6) of inflation, we estimate:

π
D j,h
t = cD j,h,PC +α

D j,h
1 MSCD j

t−1 +α
D j,h
2 slackD j

t−1 +α
D j,h
3 ENERGY D j

t−1 + ε
D j,h,PC
t ,

where π
D j,h
t is frequency Dj of inflation, MSCD j

t−1 is frequency Dj of MSC inflation expectations, and so

on. The forecasts with this model are then computed as

π̂
D j,h
t+h = ĉD j,h,PC + α̂

D j,h
1 MSCD j

t + α̂
D j,h
2 slackD j

t + α̂
D j,h
3 ENERGY D j

t .

This frequency-by-frequency approach allows the model to exploit the alignment between predictors and

inflation at the same frequency, ensuring that high-frequency shocks in the predictors are mapped to high-

frequency components of inflation, while persistent predictors inform the lower-frequency components

of inflation.
5 Alternative ways to model instability in combination weights include Bayesian dynamic model averaging (e.g., Koop and

Korobilis, 2012 and Groen, Paap and Ravazzolo, 2013) and model-selection procedures based on the model confidence set
(Hansen, Lunde and Nason, 2011 and Baumeister, Huber, Lee and Ravazzolo, 2026). Implementing these approaches within
our multi-frequency framework would substantially increase computational burden with limited expected forecasting gains
relative to the DMSPE combinations used here.
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The additional specification, PLS-2, builds upon the standard PLS model (hereafter PLS-1) by modifying

the way the factors are extracted. Whereas PLS-1 computes the first factor by correlating each frequency

component of inflation with the original, unfiltered set of predictors, PLS-2 instead constructs the factor

from the frequency-decomposed predictors that match the frequency of the inflation component being

forecast. This alignment of information sets aims to enhance the predictive content of the PLS factor by

ensuring that the dimensionality-reduction step respects the multi-frequency structure of the data.

For each inflation measure, frequency band, and forecast horizon, we select the model with the lowest out-

of-sample RMSE among the 38 candidates. The corresponding forecasts of the six frequency components

(D1–D6) are then summed to obtain the aggregate inflation forecast according to the SOC method.

By construction, this frequency-domain approach delivers a richer and more granular modeling envi-

ronment, allowing the forecasts to incorporate heterogeneous dynamics across temporal horizons. The

importance of this alignment will become evident in the next section, where we show that the frequency-

domain approach yields systematic gains over time-domain models, particularly at medium and long

horizons.

5 Empirical results

Having introduced the forecasting framework, we now present the empirical evidence on how frequency-

specific information improves inflation forecasts. We first examine which predictors and models drive

performance across frequencies and horizons, then assess overall and dynamic accuracy, before turning

to the optimized SOC version, the role of shortage indicators, and robustness checks.

5.1 Baseline performance of the SOC method

We assess the baseline performance of the SOC method by examining both its overall accuracy and its

dynamic behavior over time. These analyses show whether and when the SOC method improves on
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standard approaches. Before turning to forecast accuracy, we first identify which models and predictors

drive performance across frequencies and horizons, providing the economic intuition behind the results.

5.1.1 Models and predictors by frequency and horizon

This subsection identifies which forecasting models and predictors generate SOC’s gains, linking fore-

cast performance to underlying economic signals. Table 5 reports, for each forecast horizon, the best-

performing models for the aggregate inflation series and for each of its frequency components in the SOC

method. The first column lists the forecast horizons, while the second column shows the best TS model

for overall inflation. Columns 3 through 8 identify the best models for each frequency component (D1

to D6, where D1 denotes high-frequency and D6 low-frequency variation). The upper panel refers to

forecasts of CPI inflation, while the lower panel presents the corresponding results for PCE inflation.

The aggregate TS forecasts highlight the importance of model combinations. At the one-quarter horizon

(h=1), the best performer is the C-DMSPE 0.25 combination, which assigns time-varying weights to in-

dividual models based on their very recent performance. This emphasizes the benefits of quickly adaptive

weighting in short-term forecasts, where responsiveness to changing conditions is critical. At the four-

and eight-quarter horizons (h=4 and h=8), the best performer shifts to the C-MEAN combination, which

equally averages forecasts across the candidate models, suggesting that stability and diversification gain

importance at medium and longer horizons. This confirms the well-known finding that combining fore-

casts – even in a simple way – shields against instabilities in individual models and improves forecast

performance.

For the frequency-specific components, results show systematic variation across horizons. In the higher-

frequency bands (D1 to D4), C-DMSPE and PLS forecasts dominate at h=1. As the horizon lengthens

to four and eight quarters, individual predictor models become the top performers. Among these, the

dividend-price ratio (DP) stands out for its consistent selection, indicating that it provides valuable in-

formation for predicting short-run and cyclical components of inflation, particularly at longer horizons.

This likely reflects the ability of the DP ratio to capture forward-looking financial conditions that drive

aggregate demand and, hence, inflation dynamics.
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For the medium-frequency band (D5), results indicate that individual predictor models perform best at

h=1 – specifically, the DP for CPI inflation and the Michigan Survey of Consumers (MSC) for PCE

inflation. At longer horizons (h=4 and h=8), the Phillips Curve model becomes the leading specification,

with the SAHM cyclical indicator being particularly effective for capturing these medium-term inflation

dynamics.

For the low-frequency band (D6), results underscore its stability and persistence. At shorter horizons

(h=1 and h=4), the C-DMSPE 1 model – with time-varying combination weights – highlights the bene-

fits of adaptive pooling for slow-moving inflation trends. At the eight-quarter horizon (h=8), the leading

models change: for CPI inflation, the PCA specification dominates, while for PCE inflation, the overall

shortage index (SH-all) emerges as the top predictor. This shift implies that structural indicators captur-

ing persistent economic pressures become increasingly informative when forecasting the low-frequency

component of inflation over longer horizons.

Overall, these findings confirm the central insight of the paper: the SOC method enhances forecast ac-

curacy by flexibly matching each frequency component and horizon with its most suitable model. This

frequency-predictor mapping provides the economic intuition for the empirical forecast gains discussed

next.

5.1.2 Overall forecast accuracy

We now compare aggregate forecast accuracy across models and horizons relative to benchmark models.

Forecast accuracy is evaluated using the RMSE, calculated for each model and compared with the AO

benchmark model. Statistical significance is assessed using the Diebold and Mariano (1995) and West

(1996) tests, with Newey-West standard errors to account for autocorrelation and heteroscedasticity.

We begin by evaluating the performance of each forecasting model individually. Table 4 summarizes the

root mean squared errors (RMSEs) for the different model specifications. Panel A reports the RMSEs

of the Atkeson-Ohanian (AO) benchmark model, while panel B presents the RMSEs of the time-series

(TS) and SOC models, expressed relative to the AO benchmark. Values below one indicate that the
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alternative model outperforms AO. Statistical significance is marked with one, two, and three stars for

the 10 percent, 5 percent, and 1 percent levels, respectively. The final row of panel B reports the RMSE

of the SOC method relative to that of the TS model, allowing a direct comparison between the SOC and

aggregate time-series models.

The AO model performs better for PCE than for CPI, making it a more challenging benchmark to outper-

form for the former. This reflects the fact that PCE inflation filters out the most volatile components and

better captures underlying trends. For example, during the Global Financial Crisis, CPI inflation plunged

sharply from 6.2 percent to -9.2 percent between 2008:Q3 and 2008:Q4, whereas PCE inflation exhibited

a more moderate decline from 4.3 percent to -6.4 percent over the same period.

For the TS model, the short-run gains are clear: at h=1, the relative RMSE falls to 0.889 for CPI and

0.896 for PCE, both statistically significant at the 1 percent level. By h=4, the advantage becomes mixed:

CPI remains better than AO at 0.848 (significant), whereas PCE is 0.859, not statistically different from

AO. At h=8, the TS model no longer improves on AO.

The SOC method, by contrast, improves in a statistically significant way on AO across all horizons and

both inflation measures: 0.853 / 0.858 at h=1, 0.789 / 0.770 at h=4, and 0.658 / 0.699 at h=8 for CPI / PCE,

respectively. Relative to the best TS model, SOC shows no significant gain at h=1 (0.959 for both CPI

and PCE), a modest but significant edge for PCE at h=4 (0.897), and substantial, statistically significant

gains at h=8 (0.717 for CPI; 0.761 for PCE).

Taken together, the TS model delivers modest improvements at the very short horizon, but these gains

fade as the horizon lengthens. By contrast, SOC’s frequency-specific aggregation delivers forecasting

gains that are robust at h=1 and expand markedly at h=4 and h=8, underscoring its advantage over the

aggregate TS model. Next we assess how forecast accuracy evolves through time and across major

inflation episodes.
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5.1.3 Dynamic performance

Graphical evidence illustrates the economic significance of forecast differences and how model perfor-

mance evolves over time.

The left panels in figure 6 display the realized path of CPI inflation (black solid line) together with

forecasts from the AO benchmark (green line), the best time-series (TS) model (red line), and the SOC

method (cyan line). The figure is organized by forecast horizon, with separate panels for one-quarter,

four-quarter, and eight-quarter-ahead forecasts, allowing direct comparison of short-, medium-, and long-

term predictive performance over time.

At the one-quarter horizon, the forecasts of all three models closely track actual CPI inflation during rel-

atively calm periods, such as 2012-2016, when inflation remained stable. Nonetheless, the SOC method

shows a slight edge in turbulent periods. During the 2008-09 Global Financial Crisis, SOC captures

the sharp drop in CPI inflation more accurately than AO or TS, both of which adjust too slowly. Simi-

larly, during the early stages of the post-pandemic surge (2020-21), SOC is quicker to reflect the upward

pressure on prices, while AO and TS remain too conservative.

At the four- and eight-quarter horizons, differences between models become clearer. The AO benchmark

systematically lags major turning points, offering little anticipation of sharp movements. The TS model

provides moderate improvement but still tends to smooth medium-term swings. By contrast, the SOC

method better anticipates medium-run inflation dynamics: it more accurately predicts the depth of the

2008-09 downturn and the sustained build-up of inflation pressures during 2021-22.

These time-series patterns are consistent with the cumulative forecast error profiles shown in the right

panels in figure 6. We plot the cumulative sum of squared forecast-error differences, defined as “AO

minus alternative” for TS (red) and SOC (cyan); an upward slope therefore indicates periods when the

alternative model outperforms AO. At the one-quarter horizon, the cumulative error differences show

modest but consistent gains for SOC during volatile episodes such as 2008-09 and 2020-21, while SOC’s

performance is similar to that of the AO and TS models in tranquil periods. At the four-quarter hori-

zon, the upward drift in the cumulative error line is more pronounced, underscoring SOC’s growing
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advantage as the horizon lengthens. At the eight-quarter horizon, the slope steepens markedly during the

post-pandemic inflation shock, signaling that SOC’s frequency-based decomposition provides substantial

improvements in capturing the persistence of inflationary pressures.

Taken together, figure 6 highlights a consistent pattern: the SOC method delivers robust gains at all

horizons but is particularly effective at medium- and longer-term forecasts. The TS model performs

reasonably well at short horizons, but its performance deteriorates as the forecast horizon extends, leaving

SOC as the only approach that consistently adapts to both short-run fluctuations and persistent low-

frequency movements in CPI inflation.

For PCE inflation, the left panels in figure 7 plot realized PCE inflation (black solid line) together with

AO (green), TS (red), and SOC (cyan) forecasts across horizons. The patterns are broadly similar. Con-

sistent with the CPI results, at h=1, all models track PCE inflation relatively well in calm periods, though

SOC responds more quickly during turbulent episodes like the 2008-09 crisis and the onset of the 2020-

21 surge. At longer horizons, both AO and TS increasingly underpredict persistent movements, while

SOC remains closer to the realized path, particularly during the sustained run-up after 2020 and the

gradual disinflation following 2008-09. The right panels confirm this: SOC’s cumulative gains grow

steadily with horizon, reflecting superior capture of low-frequency components in PCE. Consistent with

the CPI results, the evidence confirms that SOC is the only approach that consistently adapts to short-run

fluctuations while accurately capturing the persistent low-frequency dynamics that drive PCE inflation.

Taken together, the average and dynamic results confirm that the SOC method delivers systematic gains

over both benchmarks. We now analyze whether SOC’s gains reflect improved efficiency or bias reduc-

tions.

5.1.4 Bias-variance decomposition

To clarify the mechanism behind SOC’s gains, we use the Theil (1971) mean squared error (MSE) decom-

position, following the implementation of Rapach et al. (2010). This splits the MSE into two components:

squared forecast bias and a remainder term that reflects forecast efficiency (variance). Points closer to the
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origin indicate superior performance, combining low bias (x-axis) and high efficiency (y-axis).

The scatterplots in figure 8 present the results. Across horizons and inflation measures, the SOC method

consistently lies closer to the origin than both the AO benchmark and the best TS model, highlighting its

ability to balance the bias-variance trade-off more effectively. In particular, the results indicate that the

SOC method achieves superior accuracy primarily by reducing bias (especially versus TS models), while

maintaining similar or higher forecast efficiency compared with the TS and AO models, respectively.

5.2 The optimized SOC method

Building on the baseline SOC results, we next examine whether forecast accuracy can be further improved

by selectively aggregating the most informative frequency components. The SOC method is uniquely

suited to this optimization because its modular structure treats each frequency band separately; aggregate

time-series models cannot target specific bands in this way. By exploiting this flexibility, we can evaluate

whether excluding noise-dominated components enhances predictive performance, while still retaining

the transparency of the SOC method.

The SOC method constructs the aggregate inflation forecast as the sum of the best individual forecasts

of the six frequency components (D1 to D6). Recent studies (Faria and Verona, 2021 and Martins and

Verona, 2024) suggest that including all frequency components may not always be optimal, as some

higher-frequency bands can introduce noise, particularly at medium and longer horizons, and thus hurt

the forecast performance. Furthermore, it may be the case that summing other frequency forecasts might

yield better inflation forecasts than the sum of the best individual frequency forecasts (as in the baseline

SOC method).

Guided by this evidence, we implement an optimized SOC method that, for each horizon, constructs

the forecast of inflation based on the sum of the four frequency-component forecasts that minimizes the

RMSE. This retains the benefits of frequency decomposition while improving accuracy by excluding less

informative components. We call this the optimized SOC method.6

6 No additional gains were found by summing five individual frequency forecasts.
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Table 6 reports, for each inflation measure and forecast horizon, the individual component forecasts used

in the optimized SOC method. Several clear patterns emerge. First, as expected, the low-frequency com-

ponent (D6) is consistently retained, typically using PCA or SH-ind forecasts, reflecting its importance

for capturing slow-moving inflation trends. Second, the high-frequency component (D1), dominated by

noise, is never included. Third, aside from PCA – which pools information from the full predictor set

– the optimized SOC method relies almost exclusively on individual predictors, favoring more parsimo-

nious and targeted signals. Fourth, none of the combination forecasts (that are often used in the baseline

SOC method) are selected, highlighting that the optimization process systematically prefers sharper,

component-specific information over broad averaging. Finally, the specific forecasts selected by the opti-

mized SOC method differ from those used in the baseline SOC method reported in table 5, underscoring

that this optimization step meaningfully reshapes the aggregation across cycles.

Results in panel C of table 4, together with the blue lines in figures 6 and 7, show that the optimized

SOC method delivers substantial gains relative to both the AO benchmark and the aggregate TS model at

all horizons. Relative RMSEs indicate reductions up to about 50 percent, with the largest improvements

at h=4 and h=8 for both CPI and PCE inflation. Even at the one-quarter horizon (h=1), where high-

frequency noise complicates forecasting, the optimized SOC method consistently improves accuracy,

though the gains are smaller. These improvements are also visible in the left panels of figures 6 and

7, which show a tighter alignment of the forecasts with realized inflation, and in the right panels of

those figures, where the blue lines lie consistently above those of the other models, signaling superior

cumulative performance.

Looking at the bias-variance decomposition in figure 8, the improved performance of the optimized SOC

method, compared to the baseline SOC method, reflects substantial improvements in forecast efficiency

while maintaining low bias.

Comparing results in panel C with those in panel B highlights the incremental value of the optimization:

the optimized SOC method reduces forecast errors by an additional 10 to 20 percent relative to the

baseline SOC, demonstrating the added benefit of selectively including the most informative components.

Table 7 quantifies the incremental contribution of each included frequency-forecast component. We de-
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note by M4 the forecast using only the lowest-frequency component; M3 augments this with the second-

lowest component; M2 adds the third-lowest; and M1 adds the fourth-lowest. Hence, “M1-M4” refers

to the cumulative sum of the four frequency components selected by the optimization. Across horizons

and for both CPI and PCE inflation, M4 (the low-frequency model) delivers the largest individual gains

relative to the AO benchmark, particularly at longer horizons (h=4 and h=8), where reductions in RMSE

are economically meaningful and statistically significant. Adding additional forecasts – M3, M2, and

M1, separately or together – yields incremental improvements, with many of these forecasting gains sig-

nificant at the 5 percent or even 1 percent level. The full optimized SOC method (sum of the M1-M4

forecasts, reported in the last row) achieves the lowest RMSEs and the strongest statistical significance

across all horizons. Moving from M4 alone to the full optimized combination typically results in an

additional reduction of around 5 to 10 percent in RMSE and increased statistical significance in most

cases.

Taken together, these results show that the optimized SOC method delivers substantial accuracy gains by

including the most informative frequency components. A natural question is whether this flexibility also

enhances performance in periods of heightened inflation volatility, such as the 2020-21 inflation surge, to

which we turn next.

5.3 Shortage predictors and the 2020-21 inflation surge

The inflation surge of 2020-21 exposed the central role of supply bottlenecks and shortages in shaping

inflation dynamics. To quantify their contribution, we compare forecasts from the optimized SOC method

with and without shortage-related predictors.

Figure 9 plots realized inflation (black lines), the forecasts from the optimized SOC method including

shortages (blue solid lines), and the forecasts from the same method excluding shortages (blue dashed

lines). For both CPI (top panels) and PCE (bottom panels), and across all horizons, incorporating short-

age indicators markedly improves real-time tracking of the inflation upswing. SOC without shortages

persistently underpredicts the magnitude and persistence of the surge, especially at medium and long
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horizons. This demonstrates that timely indicators of supply constraints provide valuable information

that becomes particularly relevant when inflation is driven by bottlenecks and production delays. This

interpretation is consistent with recent micro-evidence showing that supply-side bottlenecks generated

large price increases in a small set of product categories, with these granular forces accounting for a

substantial share of the 2020-21 inflation surge (Alvarez-Blaser, Auer, Lein and Levchenko, 2025).

The figure also includes the forecasts from the best-performing time-series model (red lines). This model

also uses shortage indicators but does not exploit the SOC decomposition. Comparing the TS model with

the optimized SOC method including shortages isolates the value of the SOC structure itself. Despite

using similar predictors, the TS model fails to anticipate the speed and persistence of the inflation accel-

eration and displays larger forecast errors throughout the episode. In counterfactual terms, relying on the

TS model – rather than SOC – would have provided policymakers with substantially weaker foresight

during a period of rapidly shifting inflation dynamics.

Taken together, these results illustrate two distinct but complementary points. First, shortage indicators

are essential for capturing inflation movements driven by supply-side disruptions. Second, even when

predictors are held constant, the SOC method delivers superior real-time performance relative to standard

time-series models. This highlights the usefulness of SOC in turbulent periods, precisely when traditional

approaches may struggle to adapt.

5.4 Robustness checks

We assess robustness along three dimensions: the definition of the inflation measure, the choice of filter

used for the frequency decomposition, and comparisons with professional forecasts.

5.4.1 Alternative inflation measures

We first examine robustness to alternative measures of inflation. In particular, we use the SOC method

and its optimized variant to forecast core CPI and the GDP price deflator. The results, available upon

request, indicate that the main findings carry over. For the GDP price deflator, performance is broadly in
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line with that for headline CPI and PCE. For core CPI, the baseline SOC performs somewhat less well,

but the optimized SOC method delivers even larger gains at long horizons (h=8). These additional results

confirm that the forecasting gains of the SOC method are not specific to headline measures but extend to

both core and output-based indicators of inflation.

5.4.2 Filter choice

We next investigate the sensitivity of the SOC method to the choice of filter used for the frequency de-

composition. While widely used, the Haar filter is only an approximation to an ideal band-pass filter,

which raises the question of whether the results are sensitive to this choice. To address this concern,

we compare outcomes across alternative frequency decompositions. Using different wavelet filters –

Daubechies-2 and Fejér-Korovkin-4 – yields slightly lower accuracy than our baseline, but the differ-

ences are modest, indicating that the results are not overly sensitive to the specific wavelet choice. In

contrast, replacing the wavelet decomposition with the Christiano and Fitzgerald (2003) asymmetric

band-pass filter – calibrated to extract frequency components that match those obtained with the Haar

filter – produces a marked deterioration in forecast accuracy. These findings mirror those in Faria and

Verona (2020) and Martins and Verona (2024). The Christiano-Fitzgerald filter is less adept at handling

non-stationarities and structural breaks, making it less effective at capturing the time-varying dynamics

of inflation.

Overall, these results confirm that SOC’s gains are robust to filter choice and that wavelet filters perform

better than alternative band-pass methods.

5.4.3 Comparison with professional forecasts

Finally, we compare the SOC method with the Survey of Professional Forecasters (SPF), a widely used

and policy-relevant benchmark in empirical forecasting work. In our baseline specifications, expectations

enter only through the New Keynesian Phillips Curve, which incorporates the Michigan Survey of Con-

sumers (MSC). Prior work shows that SPF expectations contain useful information about future inflation
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(e.g., Ang et al., 2007 and Berge, 2018).

To benchmark SOC against this reference, we compare its performance with the SPF forecasts. The

SPF is not directly comparable to the mechanical models considered in this paper, as its projections in-

corporate expert judgment, large-scale institutional models, and information available at the time of each

survey round. Moreover, because the SPF does not elicit 1-quarter-ahead or 8-quarter-ahead expectations,

we follow Berge (2018) and use the 4-quarter-ahead expectation as a proxy for all horizons.

The results show that SOC performs favorably relative to the SPF. For CPI inflation, the optimized SOC

reduces RMSEs to 0.84, 0.73, and 0.62 at horizons h=1, 4, and 8, with a statistically significant improve-

ment (at the 1 percent level) at the short horizon. For PCE inflation, the optimized SOC achieves relative

RMSEs of 0.82, 0.73, and 0.65, each statistically significant (at either the 5 percent or 1 percent level).

These patterns indicate that the frequency-domain approach delivers gains even relative to a benchmark

that embeds institutional judgment and non-mechanical information.

Taken together, these findings reinforce the earlier robustness exercises and support the central result:

decomposing inflation into frequency components and aligning predictors accordingly systematically

improves forecasting performance and yields economically interpretable gains.

6 Conclusion

This paper has shown that decomposing inflation into its frequency components provides a powerful way

to improve both the accuracy and interpretability of inflation forecasts. The sum-of-the-cycles (SOC)

method systematically exploits the multi-frequency structure of inflation by matching each component

with the model best suited to its persistence. Across U.S. inflation measures and forecast horizons,

SOC consistently outperforms standard benchmarks, with particularly large gains at medium and long

horizons. These improvements reflect the method’s ability to harness complementary information across

frequencies, thereby reducing forecast errors in both tranquil and turbulent periods, including the 2020-21

inflation surge.
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From a policy perspective, the gains at medium and long horizons are especially relevant. During

episodes such as the 2020-21 surge, more reliable real-time assessments of the magnitude and persis-

tence of inflation would have altered the perceived policy trade-offs. By providing clearer signals at these

horizons, the SOC method reduces the risk of underestimating persistent inflation pressures and supports

more timely and informed policy decisions.

For policy institutions, SOC can serve as a frequency-specific cross-check alongside DSGE, semi-structural,

and judgmental forecasts, helping to diagnose whether forecast errors reflect temporary disturbances or

persistent shifts. Because the decomposition is explicit, SOC clarifies which predictors drive inflation

dynamics at different horizons, offering policymakers a transparent lens through which to interpret and

communicate inflation developments.

In sum, the evidence shows that decomposing inflation into its frequency components improves fore-

casting accuracy while deepening economic interpretation. The sum of the cycles is indeed more than

the whole: SOC not only sharpens forecasts but also illuminates the underlying forces shaping inflation,

providing valuable insights for both policy and future research.
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Figure 1: U.S. one-quarter inflation and frequency components
Notes: The figure shows annualized quarterly inflation rates (upper graphs) and their six frequency components
obtained from the Haar filter (lower graphs). Upper panel: CPI inflation. Lower panel: PCE inflation. Sample
period: 1978:Q1-2024:Q4. Shaded areas denote NBER recessions.
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Figure 2: U.S. one-year average inflation and frequency components
Notes: The figure shows annualized one-year average inflation rates (upper graphs) and their six frequency com-
ponents obtained from the Haar filter (lower graphs). Upper panel: CPI inflation. Lower panel: PCE inflation.
Sample period: 1978:Q1-2024:Q4. Shaded areas denote NBER recessions.

37



Figure 3: U.S. two-year average inflation and frequency components
Notes: The figure shows annualized two-year average inflation rates (upper graphs) and their six frequency com-
ponents obtained from the Haar filter (lower graphs). Upper panel: CPI inflation. Lower panel: PCE inflation.
Sample period: 1978:Q1-2024:Q4. Shaded areas denote NBER recessions.
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Figure 4: Predictors of inflation and their long-run components
Notes: The figure plots the 20 predictors used in the forecasting analysis (black lines) together with their long-run
components (blue lines). The long-run components are extracted using the Haar filter and capture fluctuations with
periodicities longer than 16 years (D6). Sample period: 1978:Q1-2024:Q4. Shaded areas denote NBER recessions.
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Figure 4 - cont
Notes: The figure plots the 20 predictors used in the forecasting analysis (black lines) together with their long-run
components (blue lines). The long-run components are extracted using the Haar filter and capture fluctuations with
periodicities longer than 16 years (D6). Sample period: 1978:Q1-2024:Q4. Shaded areas denote NBER recessions.
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Figure 5: Bivariate regressions of frequency components of CPI inflation on predictors (h=4)
Notes: U.S. data, 1978:Q1-2024:Q4. Each cell corresponds to a bivariate OLS regression of the frequency com-
ponent of CPI inflation (one-year average, h=4) on the corresponding component of each predictor. The color
indicates the explanatory power (R2) of the regression, with darker (blue) cells representing lower R2 and lighter
(yellow) cells higher R2. Numerical entries report the estimated coefficient (first line) and the R2 value (second
line), along with significance levels indicated by asterisks: 10 % (*), 5 % (**), and 1 % (***). Frequency definitions
as in table 3.
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Figure 6: CPI inflation forecasts and cumulative forecast error differences
Notes: The left panels plot realized CPI inflation (black lines) together with forecasts from the AO benchmark
(green), the best-performing time-series (TS) model (red), the baseline SOC method (cyan), and the optimized
SOC method (blue). The right panels plot the cumulative differences in squared forecast errors relative to the AO
model (red: TS-AO, cyan: baseline SOC-AO, blue: optimized SOC-AO). Rows correspond to forecast horizons:
one quarter (h=1, 2000:Q1-2024:Q4), one year (h=4, 2000:Q4-2024:Q4), and two years (h=8, 2001:Q4-2024:Q4).
Shaded areas denote NBER recessions.
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Figure 7: PCE inflation forecasts and cumulative forecast error differences
Notes: The left panels plot realized PCE inflation (black lines) together with forecasts from the AO benchmark
(green), the best-performing time-series (TS) model (red), the baseline SOC method (cyan), and the optimized
SOC method (blue). The right panels plot the cumulative differences in squared forecast errors relative to the AO
model (red: TS-AO, cyan: baseline SOC-AO, blue: optimized SOC-AO). Rows correspond to forecast horizons:
one quarter (h=1, 2000:Q1-2024:Q4), one year (h=4, 2000:Q4-2024:Q4), and two years (h=8, 2001:Q4-2024:Q4).
Shaded areas denote NBER recessions.
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Figure 8: Bias-variance decomposition of forecast errors
Notes: This figure shows the Theil (1971) mean squared forecast error (MSFE) decomposition into squared forecast
bias (x-axis) and a remainder term reflecting efficiency (y-axis). Points closer to the origin indicate better overall
performance. Upper panels: CPI inflation. Lower panels: PCE inflation. First column: h=1. Second column: h=4.
Third column: h=8.
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Figure 9: The role of shortage variables in the 2020-21 inflation surge
Notes: This figure plots realized inflation (black lines), together with forecasts from the optimized SOC method in-
cluding shortage predictors (blue solid lines) and excluding them (blue dashed lines), and with the best-performing
time-series (TS) model (red lines). Upper panels: CPI inflation. Lower panels: PCE inflation. Columns correspond
to forecast horizons of one quarter (h=1), one year (h=4), and two years (h=8). Sample period: 2020:Q1-2024:Q4.
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D4 D1 D2 D3 D4 D5 D6

h=1

D1 1.25 0.00 0.00 0.00 0.00 0.00
D2 1.17 1.27 0.00 0.00 0.00 0.00
D3 1.16 1.19 1.30 0.00 0.00 0.00
D4 1.17 1.19 1.24 1.32 0.00 0.00
D5 1.21 1.23 1.26 1.29 1.36 0.00
D6 0.66** 0.69** 0.75** 0.79*** 0.87* 0.90

h=4

D1 1.45 0.00 0.00 0.00 0.00 0.00
D2 1.41 1.42 0.00 0.00 0.00 0.00
D3 1.37 1.35 1.39 0.00 0.00 0.00
D4 1.36 1.34 1.33 1.38 0.00 0.00
D5 1.40 1.37 1.34 1.34 1.42 0.00
D6 0.63*** 0.57*** 0.48*** 0.49*** 0.63*** 0.68***

h=8

D1 1.70 0.00 0.00 0.00 0.00 0.00
D2 1.68 1.68 0.00 0.00 0.00 0.00
D3 1.65 1.64 1.66 0.00 0.00 0.00
D4 1.63 1.62 1.61 1.63 0.00 0.00
D5 1.63 1.62 1.59 1.57 1.64 0.00
D6 0.57** 0.53** 0.45** 0.39** 0.51** 0.60**

Table 1: Potential forecasting gains from perfectly predicting frequency components of CPI inflation
Notes: U.S. data, 1978:Q1-2024:Q4. Entries report the root mean squared forecast error (RMSE) of CPI inflation
relative to the Atkeson-Ohanian (2001) random walk (AO) benchmark at horizons of one quarter (h=1), one year
(h=4), and two years (h=8). Forecasts assume perfect knowledge of the indicated frequency components (D1-D6,
from highest to lowest frequency). Diagonal entries show results for each component in isolation; off-diagonal
entries add components cumulatively. Asterisks denote Diebold-Mariano-West significance at 10 % (*), 5 % (**),
and 1 % (***).
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dev mean median standard minumum maximum skewness kurtosis AR(1)
dev dev dev deviation dev dev dev dev dev
Panel A) Target variables
CPI inflation (h=1) 3.50 3.05 3.06 -9.16 15.8 0.84 6.75 0.70
CPI inflation (h=4) 3.52 2.88 2.63 -1.59 13.7 1.77 6.47 0.96
CPI inflation (h=8) 3.56 2.82 2.46 -0.19 12.2 1.86 6.38 0.98
PCE inflation (h=1) 2.99 2.56 2.44 -6.39 12.0 0.90 5.91 0.78
PCE inflation (h=4) 3.02 2.44 2.20 -1.19 10.7 1.55 5.51 0.97
PCE inflation (h=8) 3.06 2.42 2.10 0.16 10.3 1.61 5.24 0.99
Panel B) Predictors
DP -3.75 -3.88 -4.48 -2.83 0.43 0.48 2.24 0.98
TBL 0.04 0.04 0.00 0.15 0.04 0.81 3.43 0.96
LTR 0.02 0.01 -0.11 0.21 0.06 0.76 4.58 -0.06
TMS 0.02 0.02 -0.02 0.04 0.02 -0.56 3.06 0.84
DFR 0.00 0.00 -0.11 0.06 0.03 -0.45 13.2 -0.11
SHR 0.04 0.05 -0.03 0.18 0.04 0.73 3.68 0.96
M2 0.01 0.01 -0.02 0.05 0.01 3.50 30.2 0.48
MSC 3.58 3.07 2.08 9.80 1.60 2.54 9.26 0.95
U 6.05 5.70 3.50 10.6 1.77 0.86 3.60 0.89
ENERGY 4.02 3.89 -50.3 46.8 18.3 -0.89 7.42 0.28
CFNAI -0.04 0.01 -2.13 1.00 0.52 -1.61 8.24 0.57
JWG -2.50 -2.15 -8.17 3.18 2.50 -0.25 3.04 0.96
OIL 122 92.1 32.4 321 78.2 0.91 2.71 0.96
SAHM 0.40 0.02 -0.28 5.48 1.01 3.71 20.0 0.79
SH-all 83.5 57.0 37.0 422 74.0 3.28 14.7 0.89
SH-en 19.2 11.1 3.85 201 32.5 6.56 54.0 0.78
SH-food 21.4 17.3 7.55 81.5 13.4 2.40 11.1 0.78
SH-ind 17.3 11.5 4.60 126 21.7 4.40 25.4 0.90
SH-lab 25.6 17.6 9.25 168 27.4 4.21 24.2 0.91
SH-USA 90.9 61.7 41.3 460 82.8 3.22 13.9 0.91

Table 2: Descriptive statistics of inflation measures and predictors
Notes: U.S. data, 1978:Q1-2024:Q4. Panel A reports summary statistics for CPI and PCE inflation at horizons of
one quarter (h=1), one year (h=4), and two years (h=8). Panel B reports descriptive statistics for the 20 predictors
described in appendix A. Statistics include mean, median, standard deviation, minimum, maximum, skewness,
kurtosis, and first-order autocorrelation (AR(1)). All variables are expressed in quarterly frequency; see appendix
A for definitions and transformations.
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(h=4) D1 D2 D3 D4 D5 D6

CPI inflation (h=1) 15 12 10 11 11 41
CPI inflation (h=4) 2 5 10 14 13 56
CPI inflation (h=8) 1 2 6 13 14 64
PCE inflation (h=1) 11 9 9 11 11 50
PCE inflation (h=4) 2 4 8 12 12 63
PCE inflation (h=8) 1 2 5 10 13 70
DP 1 1 2 4 7 84
TBL 2 2 4 8 8 75
LTR 53 25 12 5 2 3
TMS 8 9 13 21 19 30
DFR 55 23 14 5 1 1
SHR 2 2 4 8 9 74
M2 26 20 16 17 11 11
MSC 2 3 6 12 16 59
U 5 7 11 18 24 36
ENERGY 36 28 17 10 5 5
CFNAI 21 21 22 19 10 6
JWG 2 4 10 18 24 41
OIL 2 4 6 8 11 69
SAHM 11 19 27 23 15 5
SH-all 6 10 14 17 14 40
SH-en 11 19 20 13 12 25
SH-food 11 11 13 16 12 37
SH-ind 5 9 14 19 15 38
SH-lab 4 8 10 15 13 49
SH-USA 5 9 13 16 14 44

Table 3: Variance decomposition of inflation measures and predictors by frequency
Notes: U.S. data, 1978:Q1-2024:Q4. Entries report the percentage of variance of each series explained by fre-
quency components D1-D6. D1 captures fluctuations with a period of 2-4 quarters; D2-D5 correspond to cycles of
1-2, 2-4, 4-8, and 8-16 years; D6 captures fluctuations longer than 16 years. Percentages may not sum to 100 due
to rounding. Bold entries highlight the dominant frequency component for each variable.
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Inflation measure CPI PCE
Forecasting horizon h=1 h=4 h=8 h=1 h=4 h=8
Panel A) Benchmark
AO 2.53 2.07 1.68 1.85 1.66 1.41
Panel B) TS and baseline SOC
TS vs AO 0.889*** 0.848* 0.917 0.896*** 0.859 0.918
Baseline SOC vs AO 0.853** 0.789*** 0.658** 0.858*** 0.770*** 0.699*
Baseline SOC vs TS 0.959 0.931 0.717*** 0.959 0.897* 0.761**
Panel C) Optimized SOC
Optimized SOC vs AO 0.769*** 0.574** 0.511** 0.762*** 0.582*** 0.536**
Optimized SOC vs TS 0.864* 0.677** 0.558*** 0.851* 0.677*** 0.583***

Table 4: Out-of-sample root mean squared forecast errors
Notes: U.S. data. Panel A reports RMSEs of the Atkeson-Ohanian (2001) random walk (AO) benchmark. Panel B
reports RMSEs of the aggregate time-series (TS) model and baseline SOC method, expressed relative to AO. Panel
C reports results for the optimized SOC method. Forecast horizons are h=1 (2000:Q1-2024:Q4), h=4 (2000:Q4-
2024:Q4), and h=8 (2001:Q4-2024:Q4). Asterisks denote Diebold-Mariano-West significance at 10 % (*), 5 %
(**), and 1 % (***).

CPI
TS D1 D2 D3 D4 D5 D6

h=1 C-DMSPE 0.25 PLS-1 C-DMSPE 0.5 C-DMSPE 0.5 C-DMSPE 1 DP C-DMSPE 1
h=4 C-MEAN M2 SH-USA DP DP PC3 C-DMSPE 1
h=8 C-MEAN DFR DFR SH-en DP PC3 PCA

PCE
TS D1 D2 D3 D4 D5 D6

h=1 C-DMSPE 0.25 PLS-1 C-DMSPE 0.5 PLS-2 C-DMSPE 0.75 MSC C-DMSPE 1
h=4 C-MEAN PLS-2 LTR DP DP PC3 C-DMSPE 1
h=8 C-MEAN DFR DP DP DP PC3 SH-all

Table 5: Best forecasting model for each frequency component of inflation

Notes: The table reports, for each forecast horizon, the model with the lowest RMSE for the aggregate series and
for each frequency component (D1-D6) of CPI and PCE inflation. Frequency bands ordered from high (D1) to low
(D6).
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CPI
F1 M1 M2 M3 M4

h=1 DFRD2 SH-indD3 LTRD4 PCAD6

h=4 SAHMD2 SH-labD3 LTRD4 SH-indD6

h=8 TMSD3 TMSD4 SAHMD5 SH-indD6

PCE
F1 M1 M2 M3 M4

h=1 DFRD2 SH-indD3 LTRD4 PCAD6

h=4 DPD2 SH-labD3 LTRD4 PCAD6

h=8 RIDGED2 TMSD4 SAHMD5 PCAD6

Table 6: Individual component forecasts included in the optimized SOC method

Notes: For each inflation measure (CPI, PCE) and forecast horizon (h=1,4,8), the table reports the
frequency-component forecasts selected for inclusion in the optimized SOC method. See section 5.2 for details of
the optimization procedure.

Inflation measure CPI PCE
Forecasting horizon h=1 h=4 h=8 h=1 h=4 h=8
M4 0.870** 0.667** 0.580* 0.882* 0.653*** 0.618**
M4 + M3 0.829** 0.621** 0.549* 0.825** 0.619*** 0.591**
M4 + M2 0.832** 0.613** 0.612* 0.839** 0.605*** 0.616**
M4 + M1 0.849** 0.645** 0.566* 0.864* 0.645*** 0.610**
M4 + M3 + M2 0.805*** 0.589** 0.517* 0.794*** 0.590*** 0.543**
M4 + M3 + M1 0.807** 0.603** 0.524* 0.805** 0.612*** 0.580**
M4 + M2 + M1 0.798*** 0.592** 0.616* 0.809** 0.596*** 0.612**
M4 + M3 + M2 + M1 0.769*** 0.574** 0.511** 0.762*** 0.582*** 0.536**

Table 7: Contribution of component forecasts included in the optimized SOC method

Notes: For each inflation measure (CPI, PCE) and forecast horizon (h=1,4,8), the table reports the individual
frequency-component forecasts included in the optimized SOC method aggregation (as reported in Table 6) and
their incremental contribution to forecast accuracy relative to the Atkeson-Ohanian (2001) random-walk (AO)
benchmark. The final row shows the performance of the full optimized SOC method. Asterisks denote
Diebold-Mariano-West significance at 10 % (*), 5 % (**), and 1 % (***).
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Appendix A - Description of predictors

This appendix describes the predictors used in the empirical analyses.

Monetary and financial indicators. These variables capture monetary policy stance, asset pricing con-

ditions, and term/risk premia that may feed into inflation.

• Real M2 growth rate: real M2 money stock, deflated by CPI (source: FRED).

• Treasury bill rate (TBL): 3-month Treasury bill secondary market rate (source: Goyal, Welch and

Zafirov, 2024).

• Shadow rate (SHR): Wu-Xia shadow federal funds rate, capturing monetary policy stance at the

zero lower bound (source: Wu and Xia, 2016).

• Term spread (TMS): difference between the 10-year Treasury constant maturity yield and the 3-

month Treasury bill rate (source: Goyal et al., 2024).

• Long-term bond return (LTR): return on long-term U.S. government bonds (source: Goyal et al.,

2024).

• Default return spread (DFR): difference between returns on long-term corporate bonds and long-

term government bonds returns (source: Goyal et al., 2024).

• Dividend-price ratio (DP): difference between the log of dividends (12-month moving sums of

dividends paid on the S&P 500) and the log of prices (the S&P 500 index) (source: Goyal et al.,

2024).

Expectations. These indicators reflect households’ beliefs about future inflation.

• MSC: median one-year-ahead inflation expectations from the University of Michigan Survey of

Consumers (source: FRED).

Real activity and slack. These measures proxy cyclical conditions and labor-market tightness.
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• Unemployment (U): civilian unemployment rate, seasonally adjusted (source: FRED).

• Jobs-workers gap (JWG): difference between the total number of jobs (i.e. employment plus job

openings) and the number of workers (i.e. the labor force) (source: Hatzius, 2024).

• Sahm rule (SAHM): difference between the three-month moving average of the unemployment

rate and its minimum over the previous 12 months (source: Sahm, 2019).

• CFNAI: Chicago Fed National Activity Index, weighted average of 85 indicators of real activity

and inflationary pressure (source: Chicago Fed website).

Commodity and energy indicators. These capture volatile but important cost-push forces.

• CPI energy (ENERGY): energy subcomponent of CPI, seasonally adjusted (source: FRED).

• OIL: log difference of West Texas Intermediate (WTI) crude oil price (source: FRED).

Shortage indices. These indices are constructed from automated text analysis of major U.S. newspapers,

capturing real-time signals of bottlenecks and supply disruptions (source: Caldara et al., 2025).

• SH-all: aggregate news-based shortage index.

• SH-ind: industry-specific shortage index.

• SH-en: energy shortage index.

• SH-food: food shortage index.

• SH-lab: labor shortage index.

• SH-USA: shortage index for the U.S. economy.
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