
Forecasting US Recessions in Real-Time Using

Regional Economic Sentiment

Measures of regional economic sentiment, extracted from the Beige Book using
natural language processing methods, consistently delivered reliable real-time
forecasts of US recessions from the mid-1980s through the COVID-19 pandemic
recession. Since then, recession risk probabilities have been choppy, with several
false alarms. We attribute this unreliability to a post-2021 disconnect between
measures of economic activity and the sentiment of business and community leaders.
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The Beige Book provides anecdotal and impressionistic summaries of the economic health of each of

the Federal Reserve System’s 12 Districts eight times a year.  These narratives reflect firsthand

reports from business and community contacts collected by the Federal Reserve Banks along with

information from other sources. In addition to a District-level report, each Beige Book provides a

“national summary” summarizing the economic outlook for the US economy as a whole.
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Since April 2024, Filippou et al. (2024) have been regularly producing quantitative estimates of

regional economic sentiment extracted from the Beige Book. These estimates are publicly available at

clevelandfed.org/research/additional-research-resources. The estimates that Filippou et al. (2024)

produce use natural language processing (NLP) methods to quantify the economic sentiment

expressed in these District-level and national summaries. In this Economic Commentary, we test how

accurate these estimates have been at forecasting US recessions.

We find that regional economic sentiment yielded reliable real-time forecasts of US recessions from

the mid-1980s until the end of 2021. The most accurate forecasts are obtained when an average is

taken of economic sentiment across each of the 12 Federal Reserve Districts. But since 2021,

recession risk probabilities have been more erratic. We attribute this to the historically unusual nature

of the post-pandemic economic expansion and to changes in the drivers of regional economic

sentiment.

To construct our regional economic sentiment indices, we use BERT (bidirectional encoder

representations from transformers), a deep learning NLP model developed by Google, to measure

the sentiment of each sentence in the Beige Book. Specifically, we use a variant of BERT, called

FinBERT (Huang et al., 2023), as this benefits from also being pretrained on financial text. The

attraction of FinBERT is that it avoids the subjective use of judgment when defining sentiment.

We start by using FinBERT to classify each sentence in the Beige Book as positive, neutral, or

negative. Then we add up the number of positive sentences (either at the District-level or in the

national economic summary) and subtract the number of negative sentences. Scaling this balance by

the total number of positive and negative sentences, we arrive at an index of regional or national

economic sentiment. This index takes a value between -1 (when sentiment is all negative), through 0

(when sentiment is neutral), to +1 (when sentiment is entirely positive).

Figure 1 plots the latest set of FinBERT-based estimates of regional and national economic sentiment,

as extracted from each successive Beige Book from 1970 through October 2025. The regional

estimates are plotted as a shaded area capturing the lower and upper boundaries of the data ranges

of the 12 measures of District-level sentiment extracted from each District report. Alongside this, as

introduced in our previous Economic Commentary (Filippou et al., 2024), we plot the equal-weighted

average of economic sentiment in each District, something we call “consensus” sentiment.

Consensus sentiment can be contrasted with “national” sentiment, which is the measure of sentiment

extracted by FinBERT from just the “national summary” in each Beige Book.

Constructing Regional Sentiment Indices
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From Figure 1 we see that the sentiment indices generally rise and fall with the US business cycle, as

characterized in gray bars by NBER-based turning points that differentiate expansionary from

recessionary phases of the US business cycle. We also observe considerable variation in sentiment

across the 12 Districts.

Anticipating a break in behavior that we discuss below, in recent years consensus sentiment has

systematically been below national sentiment. Consensus sentiment has largely been in negative

territory since mid-2022, averaging -0.2 from June 2022 through October 2025.

In Filippou et al. (2024), we showed that regional economic sentiment, as seen in Figure 1, contains

statistically useful information about US business cycle phases, over and above the information

contained in national sentiment. This finding—on the value-added of regional information even when

focused on the US as a whole—is consistent with earlier research by Hamilton and Owyang (2011) and

Owyang et al. (2015), which found that the business cycles of individual US states also frequently

diverge from the national cycle. If these divergences are systematic, using regional data can enhance

predictions of the US business-cycle phase. Additionally, even when Districts align with the US

business cycle, individual Districts may experience recessions and expansions more intensely than

the US as an aggregate. Including data from these Districts could offer a clearer indication of the

current business-cycle phase, thereby improving nowcasts and forecasts of the national business

cycle.

We extend our previous Economic Commentary to test whether the historical, or “in-sample,”

correlations between our regional economic indices and US business-cycle phases, as seen in Figure

1, hold up in real time, or “out-of-sample.” This is an important test. It is well-known from the forecasting

literature that strong in-sample fit between a set of predictors and the target variable does not

Recession Forecast Accuracy
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necessarily translate into reliable out-of-sample forecasts.  So-called temporal instabilities—that is,

changes in relationships between variables—often plague macroeconomic forecasting (Rossi, 2021).

The specific forecasting problem that we consider is to predict, using our estimates of sentiment from

the Beige Book released in month t, whether the US economy will be in a recession at time (t+h).

Given that the NBER’s Business Cycle Dating Committee tends to publish its recession dates at a lag,

often many months after the beginning of a recession, it is of interest to backcast (h<0)

expansions/recessions as well as to nowcast (h=0) and forecast (h>0) future ones. We focus on

recession forecasts h=-1, h=0, h=1 months ahead.

To mimic real-time use of our text-based estimates of regional economic sentiment, we undertake the

following out-of-sample simulation. We start at December 31, 1984, and we use data known at this

point in time, specifically Beige Book data from 1970 through the end of 1984, to estimate binary (logit)

regressions relating NBER-dated US recessions h=-1, h=0, and h=1 months ahead to District- and

national-level sentiment. We use these three estimated models and the sentiment estimates from the

January 1985 Beige Book to produce recession probability backcasts for December 1984 (h=-1),

nowcasts for January 1985 (h=0), and forecasts for February 1985 (h=1). We then update our

estimation sample with the January 1985 Beige Book and repeat the exercise, producing forecasts

upon the release of the next Beige Book in March 1985. This process of recursively updating the

sample and producing new recession probability forecasts carries on until we use information up to

and including the September 2025 Beige Book to backcast the probability of a recession in August

2025 (h=-1), nowcast (h=0) the probability of one in September 2025, and forecast the probability of a

recession in October 2025 (h=1).

To tease out the best way of using our regional economic sentiment indices when forecasting US

recessions in real time, we delineate five forecasting models that use different sets of the regional and

national sentiment indices. Specifically, we compare the performance of five models with the

following variables as predictors:

Model 1: National sentiment and the 12 District-level sentiment indices

Model 2: 12 District-level sentiment indices

Model 3: Consensus sentiment alone

Model 4: National sentiment alone

Model 5: Consensus and national sentiment

3

https://www.clevelandfed.org/publications/economic-commentary/ec-202513-forecasting-us-recessions-in-real-time-using-regional-economic-sentiment#cf-fn-3
https://www.clevelandfed.org/publications/economic-commentary/ec-202513-forecasting-us-recessions-in-real-time-using-regional-economic-sentiment#cf-fn-3


Comparing forecast accuracy across these five models lets us isolate whether there is value added in

District-level sentiment and, if so, what the best way to exploit it is. Is it best to let the data determine

the weights on each District, as in models 1 and 2, or to use the equal-weighted average as

characterized by consensus sentiment? A large body of literature finds that equal-weighted averages

often outperform weighted combinations in out-of-sample forecasting exercises (Smith and Wallis,

2009). Comparing across models 3, 4, and 5 lets us test whether there is information in consensus

sentiment, over and above that contained in national sentiment, that is helpful when forecasting US

recessions. 

To evaluate the ability of the five models to separate expansionary and recessionary phases of the

business cycle, we follow a recent but growing literature in economics (Berge and Jordà, 2011) and

use the area under the receiver operating characteristic curve (AUC). The receiver operating

characteristic curve describes the relationship between the “false positive” rate and the “true positive”

rate. Specifically, it lets us see how frequently the model incorrectly predicts a recession (false

positive) and how frequently it calls one correctly (true positive). These rates are dependent on the

threshold used to convert the recession probability forecast (a value between 0 percent and 100

percent) into a binary forecast (recession or expansion). In general, there is a trade-off when selecting

this threshold. Lowering the threshold tends to increase both the true positive and false positive rates.

This means more actual recessions are correctly identified, but at the cost of more false alarms.

Raising the threshold tends to decrease both true positive and false positive rates. This results in

fewer false alarms, but potentially at the cost of missing some actual recessions. The AUC provides a

single summary measure of predictive accuracy across all possible thresholds. An AUC of unity

indicates a perfect classifier. An AUC of 0.5 suggests that the model is no better than a random guess,

equivalent to the outcome of a coin toss. The better our five models can forecast recessions, the

closer their AUC values are to one.

It is also helpful to isolate forecast performance at specific points on the receiver operating

characteristic curve to examine the associated true positive and false positive rates. We do so by

reporting Youden’s index. Youden’s index finds the optimal threshold on the receiver operating

characteristic curve by maximizing the difference between the true positive rate and the false positive

rate.  Again, the closer the Youden index to unity, the better the forecast.4
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Table 1 reports the AUC values and Youden’s indices from the five models. We draw out four main

takeaways. First, as we should expect, forecast accuracy, as measured by both metrics, improves the

further into the past we look. AUC and Youden’s index values are closer to unity for the backcasts than

for the forecasts. Second, forecasting US recessions using only information from the national

economic summary (model 4) consistently produces worse forecasts than the other four models.

This demonstrates that there is value added in District-level sentiment indices. Third, the best way to

harness this regional information is to use consensus sentiment. While the gains are modest,

consistently we see the “forecast combination puzzle” (Smith and Wallis, 2009), that is, equal-

weighted combinations of District-level sentiment (as seen in model 3) yield higher AUC and Youden’s

index values than using the data to estimate the weights on each District (model 2). Fourth, since

models 3 and 5 are equally accurate, we conclude that consensus sentiment encompasses (Chong

and Hendry, 1986) national sentiment. There is no value added in national sentiment over and above

the information already in consensus sentiment. Model 3 is preferred to model 5 because it is the

simpler model.

Overall, the AUC values in Table 1 suggest that regional economic sentiment delivers extremely

reliable recession forecasts. An AUC value of 0.96 at h=0 using consensus sentiment (M3) indicates

that Consensus sentiment has excellent classification ability. This performance compares well with

the accuracy of alternative indices of current business conditions, as evaluated in Berge and Jordà

(2011), such as the Chicago Fed national activity index and the Aruoba, Diebold, and Scotti (ADS)

business conditions index maintained by the Federal Reserve Bank of Philadelphia.  It also

compares well with recession-forecasting models that use financial indicators; see Burke and Nelson

(2025).

Having established that, on average over time, the most accurate recession forecasts come from

using consensus economic sentiment, Figure 2 plots the recession probability nowcasts (h=0) from

model 3. Consistent with Table 1, the overall impression from Figure 2 is again that consensus

5 , 6
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sentiment provides reliable estimates of US recessions. The forecasted probabilities of recession

clearly rise in periods subsequently classified as a recession by the NBER.

As discussed, when using probability forecasts for classification, there is always a question of what

threshold to use. The optimal threshold value above which it is “optimal” to call a recession when

nowcasting is 26 percent.  Using this, we see one false positive in the run-up to the 2001 recession.

We also see a second short series of false alarms, when the recession probabilities remained

elevated as the economy emerged from the global financial crisis in 2009. While these were both

“false” alarms, they were right around the start and end dates of recessions.

However, since the end of 2021, the recession risk probabilities in Figure 2 have been higher and

choppier. But the US economy has not entered a recession since 2020, based on currently available

information from the NBER’s Business Cycle Dating Committee.

We see three main false alarms in Figure 2, when the recession probabilities markedly rose above the

optimal threshold. These three spikes occurred in November 2022, October/November 2023, and

April 2025.

The spike in April 2025 has an obvious cause, confirmed when reading this Beige Book (published on

April 23): tariff and international trade policy uncertainties. The package of new tariffs announced on

April 2, 2025, featured heavily in the April 2025 Beige Book. This is reflected by economic sentiment

dropping sharply in each of the 12 Districts.

But the earlier two spikes in Figure 2 do not appear to have such specific causes. Rather, we interpret

them as symptomatic of a growing post-pandemic disconnect between economic sentiment and

business-cycle variables of the sort used by the NBER when dating recessions. This disconnect is

evidenced when, in an illustrative exercise, we relate consensus economic sentiment to five

macroeconomic variables. Specifically, we regress consensus economic sentiment on the prevailing

US GDP growth rate, unemployment rate, inflation rate, federal funds rate, and an indicator of

economic uncertainty.  We include GDP growth in the regression as a proxy for the various

measures of aggregate real economic activity that the NBER consults when classifying recessions.

The unemployment rate and the inflation rate comprise the constituents of the so-called misery index

proposed by Arthur Okun in the 1970s as a measure of economic distress. The federal funds rate

captures the stance of monetary policy and is a proxy for wider borrowing costs. Finally, we consider

the text-based economic policy uncertainty index of Baker et al. (2016) to capture any link between

sentiment in the Beige Book and wider public discussions of economic policy uncertainty, as

reflected in newspaper coverage.
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Table 2 shows that, prior to 2021, GDP growth and inflation were statistically significant drivers of

Beige Book sentiment, with stronger GDP growth associated with improving sentiment and, by

contrast, higher inflation depressing sentiment.  But since the pandemic, neither GDP growth nor

inflation explain movements in sentiment in a statistically significant manner. This helps us understand

why sentiment has become a less reliable forecaster of recessions, given the importance of GDP—

and related indicators of aggregate real economic activity—to the NBER Business Cycle Dating

Committee. Echoing the results in Bolhuis et al. (2024) for consumer sentiment, Table 2 provides some

evidence that sentiment has become more sensitive to interest rates since the pandemic. The

estimated coefficient on the federal funds rate in Table 2 quintuples in size after 2021. In other words,

post-pandemic-recession movements in GDP growth and the misery index (alone) cannot explain

why consensus economic sentiment has been so low. Like consumers, business and community

leaders have felt the “vibecession.”

We can also begin to understand the post-pandemic-recession volatility of the recession probability

forecasts in Figure 2 by observing from Table 2 that Beige Book sentiment is strongly negatively

correlated with economic policy uncertainty. Measures of uncertainty, including the economic policy

uncertainty index that we focus on, have been especially elevated and volatile since 2021.

Heightened uncertainty may capture various forces, including public discussions of whether raising

the federal funds rate would result in a soft landing, the effects of changes in trade and other public

policies, and the generally unusual nature of this expansion.  By averaging sentiment across various

topics discussed in the Beige Book, we see that recently our regional sentiment indices may be

providing noisier estimates of the business cycle compared to during periods when sentiment was

more closely aligned with traditional economic variables such as GDP that are typically used to

classify recessions.
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This Economic Commentary shows how NLP methods can be used to produce recession-risk

forecasts from the Beige Book’s narrative on economic conditions in the 12 Federal Reserve Districts

and the nation as a whole. Our out-of-sample evidence finds that the most accurate real-time

forecasts of US recessions are obtained, not from national economic sentiment, but by taking an

equal-weighted average of District-level economic sentiment. For more than 30 years, from the mid-

1980s through the COVID-19 pandemic recession, these forecasts proved to be extremely reliable.

But since the pandemic recession, regional economic sentiment has whipsawed and, abusing Paul

Samuelson’s famous quip about the stock market, has predicted three of the last zero recessions. We

attribute this newfound unreliability to the historically unusual nature of the post-pandemic-recession

economic expansion. Our nowcast model predicts that there is a 24 percent chance that the US

economy was in a recession in October 2025. But recent swings in our recession probability forecasts

reinforce the importance of linking the narrative or story behind the forecasts, as provided by the

Beige Book text, to the forecasts themselves. The weaker this link, the less confidence we should

have in the quantitative forecasts themselves.
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Endnotes

Through much of the 1970s the Beige Book (then called the Redbook) was published more than eight times per

year. We exploit these additional reports in our analysis below. Return to 1

1.

Specifically, our measure of economic sentiment is computed as: , where  represents

the total number of positive sentences published in month t, and  represents the total number of

negative sentences published in month t. Throughout this Economic Commentary, when we refer to the Beige

Book in month t, we are referencing its publication date. Occasionally, the Beige Book is published at the
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beginning of the month following the month indicated in its title.

Return to 2

For example, see Clark (2004). Return to 33.

Granger and Pesaran (2000) discuss the links between the Kuipers score (the difference between the true

positive and false positive rates), widely used in meteorology, and market timing tests, seen in finance. They

explain how the metrics can be used to assess the economic value of forecasting models. Return to 4

4.

These indices, and details of their construction, are available at chicagofed.org/research/data/cfnai/current-data

 and philadelphiafed.org/research-and-data/real-time-center/business-conditions-index . Return to 5

5.

It is also noteworthy that if we smooth the regional sentiment indices, by taking a three-month moving average

prior to estimating the logit models, forecast accuracy is systematically worse than when we use the raw

sentiment indices evaluated in Table 1. Return to 6

6.

This value is benefitting from look-ahead bias, as Youden’s index is estimated (ex post) over the out-of-sample

window. Return to 7

7.

These post-pandemic-recession forecasting failures are reflected in the evaluation metrics reported in Table 1.

The AUC value (Youden index) rises from 0.96 (0.84) in Table 1 to 0.99 (0.91) when we reevaluate the nowcasts

from M3 on an out-of-sample window (1985:M1 through 2019:M12) that ends before the COVID-19 pandemic.

Return to 8

8.

It is worth noting that each Beige Book is based on information collected in around a six-week window that ends

about a week before Beige Book publication. Return to 9

9.

External measures of trade policy uncertainty, such as those that count the frequency of trade policy and

uncertainty terms across major newspapers (Caldara et al., 2020), also shot up to unprecedently high values in

April 2025; see policyuncertainty.com/trade_cimpr.html . Return to 10

10.

We consider the monthly “true” real GDP estimates (rolling quarter-on-quarter annualized percentage changes)

from Koop et al. (2024), the 12-month PCE inflation rate, unemployment rate, effective federal funds rate, and

economic policy uncertainty index of Baker et al. (2016) divided by 100. We focus on relating sentiment in month

t to time t values of the macro indicators and ignore any timing issues caused by publication lags associated

with official data. Regressions include an intercept. Return to 11

11.

See nber.org/research/business-cycle-dating . Return to 1212.

The regressions in Table 2 describe correlations, not causation, per se. Return to 1313.

See brookings.edu/articles/the-paradox-between-the-macroeconomy-and-household-sentiment/ . Return

to 14

14.

More targeted uncertainty measures, such as the monetary policy uncertainty index of Baker, Bloom, and Davis

(2016), have been twice as high after the pandemic recession as their average value between 1985 and 2020.

Return to 15

15.

Gascon and Martorana (2025) highlight the importance of physical (natural disasters) and political shocks as

important noncyclical drivers of Beige Book sentiment. Return to 16

16.
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