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Abstract

We develop a framework for macroeconomic time series forecasting using neural net-

works in a real-time setting with mixed-frequency data. Our approach processes quar-

terly, monthly, and weekly indicators through separate LSTM branches that preserve

the natural sampling frequency of each data source, in contrast to conventional meth-

ods that require temporal aggregation or alignment. Applied to U.S. GDP growth,

the framework produces forecasts that are statistically indistinguishable from the Sur-

vey of Professional Forecasters across all horizons. Three findings stand out. First,

high-frequency data substantially reduce forecast errors at short horizons, particularly

during economic turning points. Second, the informational value of data is dynamic:

weekly indicators are most valuable for nowcasting, while quarterly variables dominate

at longer horizons. Third, real-time vintage data are essential for honest forecast eval-

uation; models trained on revised data yield artificially inflated performance that does
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not carry over to genuinely out-of-sample predictions. Model interpretability analy-

sis using Shapley values reveals that the relative importance of variable groups shifts

across time and forecast horizons, with the Aruoba-Diebold-Scotti Business Conditions

Index playing a particularly prominent role during recessions.

Keywords: GDP forecasting, mixed-frequency data, neural networks, nowcasting,

real-time data, LSTM, machine learning, SHAP
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1 Introduction

Forecasting GDP growth is a central task in macroeconomics, yet it remains inherently

difficult. GDP is published at a quarterly frequency with a considerable lag, and the initial

release is subject to multiple rounds of revision (Croushore, 2011). Forecasters must therefore

rely on higher-frequency indicators—monthly employment figures, industrial production,

financial variables, and increasingly, weekly or daily data—that become available at different

times and are themselves revised. The resulting “ragged edge” of the data poses well-known

challenges for real-time forecasting (Bańbura et al., 2013; Clark et al., 2022).

The standard approach to this problem employs dynamic factor models (DFMs), which

extract a small number of common factors from a large panel of indicators and use these

to produce forecasts at the desired frequency (Stock and Watson, 2002b; Giannone et al.,

2008). An alternative class of methods, Mixed Data Sampling (MIDAS) regressions, directly

accommodates regressors observed at different frequencies through parsimonious lag poly-

nomials (Ghysels et al., 2004; Foroni et al., 2015). Both approaches have proven effective,

but they rely on linear structures and typically require the researcher to impose a specific

temporal aggregation scheme. A persistent finding in this literature is that the consensus

forecast from the Survey of Professional Forecasters (SPF) is difficult to beat, reflecting both

the judgment and the diverse information sets of professional forecasters (Liebermann, 2014;

Stark, 2010; Diebold et al., 2025).

At the same time, the toolkit available for macroeconomic forecasting has expanded con-

siderably. Machine learning methods, including random forests, gradient-boosted trees, and

neural networks, have gained traction as forecasting tools (Coulombe et al., 2022; Richardson

et al., 2021; Soybilgen and Yazgan, 2021). In a comprehensive benchmark of 17 nowcast-

ing methodologies, Hopp (2024) finds that LSTM networks and Bayesian VARs consistently

rank as the top-performing approaches for GDP nowcasting across both crisis and tranquil

periods. A central advantage of these methods is their capacity to capture nonlinear rela-

tionships in high-dimensional settings without imposing a parametric structure, and their
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use in macroeconomic forecasting has been explored in recent work (Sagheer and Kotb, 2019;

Paranhos, 2023). Moreover, as Giannone et al. (2021) argue, the assumption of sparsity that

underpins many traditional approaches may be an “illusion” when dealing with macroeco-

nomic data; richer models that allow for dense interactions can yield meaningful gains even

within a linear framework, and the potential benefits are amplified when combined with the

nonlinear flexibility of machine learning methods. More recently, large language models and

other foundation models have been evaluated for macroeconomic prediction, though their

applicability to real-time forecasting with vintaged data remains limited (Carriero et al.,

2025; Jha et al., 2025).

This paper makes four contributions. First, we develop a Long Short-Term Memory

(LSTM) neural network architecture specifically designed to handle mixed-frequency data

in a macroeconomic forecasting context. Unlike MIDAS or DFM-based approaches, our

framework processes quarterly, monthly, and weekly indicators through separate branches

that each pass through their own LSTM layer before merging. This preserves the natural

sampling frequency of each data source and allows the model to learn frequency-specific

temporal patterns. Second, we implement the entire framework in a real-time setting using

vintage data. For each forecast date, the model receives only the information that would

have been available to a forecaster at that time, including the specific data vintages with

their associated publication lags and missing values. This stands in contrast to much of

the machine learning forecasting literature, which often relies on the latest-available (re-

vised) data, a practice that can introduce severe look-ahead bias (Kapoor and Narayanan,

2023; Croushore and Stark, 2006). Third, we provide a systematic analysis of how the in-

formational value of data varies across frequencies, forecast horizons, and time periods. We

document that high-frequency data are most valuable at short horizons and during eco-

nomic turning points, while lower-frequency data dominate at longer horizons. Fourth, we

use SHAP (Shapley Additive Explanations) values to provide transparent model interpre-

tation, identifying which variable groups drive forecasts and how their importance evolves
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over time.

Our empirical application focuses on forecasting U.S. GDP growth from 2001Q3 through

2024Q1 using an expanding window scheme. The dataset combines 232 quarterly features,

129 monthly features, and the weekly Aruoba-Diebold-Scotti (ADS) Business Conditions

Index (Aruoba et al., 2009), drawn from the Federal Reserve Economic Data (FRED) system

(McCracken and Ng, 2016). We compare our LSTM forecasts against the SPF median

forecast across horizons ranging from nowcasting to four quarters ahead.

The results indicate that the LSTM model performs on par with the SPF across all

forecast horizons: the Diebold-Mariano test (Diebold and Mariano, 1995) reports no sta-

tistically significant differences in predictive accuracy over the full evaluation period. The

model matches the SPF at short horizons and shows improvements at horizons of two quar-

ters and beyond, consistent with the model’s ability to exploit accumulated data dynamics

for longer-range prediction. During the COVID-19 recession, the LSTM achieves a nowcast-

ing RMSE roughly half that of the New York Fed’s dynamic factor model (Almuzara et al.,

2023), and it significantly outperforms the SPF at the two-quarter-ahead horizon.

The remainder of the paper is organized as follows. Section 2 describes the data and the

construction of real-time vintages. Section 3 presents the model architecture and estimation

procedure. Section 4 reports the forecasting results and comparisons with the SPF. Section 5

provides the model interpretation analysis. Section 6 concludes.

2 Data

2.1 Data Sources and Structure

Our dataset draws on the Federal Reserve Economic Data (FRED) system, which provides

a comprehensive repository of macroeconomic indicators at various frequencies (McCracken

and Ng, 2016, 2021). We organize the data into three frequency groups: quarterly, monthly,

and weekly.
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The quarterly component consists of 232 features spanning 12 variable groups: output

and income, labor market, consumption and orders, housing, inventories, money and credit,

interest and exchange rates, stock market prices, household balance sheets, nonhousehold

balance sheets, prices, and surveys. The monthly component comprises 129 features drawn

from the same variable groups where monthly counterparts are available, including industrial

production, employment, retail sales, housing starts, and financial market indicators. The

weekly component consists of a single variable, the ADS Business Conditions Index, which

is a composite measure of real economic activity constructed from a dynamic factor model

applied to six underlying indicators at mixed frequencies.

We use the median GDP growth forecast from the Survey of Professional Forecasters

(SPF), maintained by the Federal Reserve Bank of Philadelphia, as our benchmark. The

SPF provides quarterly forecasts at multiple horizons and is widely regarded as a strong

benchmark that incorporates the collective judgment of professional forecasters (Stark, 2010;

Diebold et al., 2025).

2.2 Real-Time Vintage Data

A distinguishing feature of our framework is the strict use of real-time vintage data for both

model training and evaluation. Different economic indicators become available at different

points in time, and most are subject to revision as more complete information arrives. For

instance, variables such as net worth of households relative to disposable personal income

typically report with a two-month lag, while stock price indices are updated with minimal

delay. Using the latest-available data to train and evaluate forecasting models introduces

look-ahead bias, a problem that Kapoor and Narayanan (2023) identify as a widespread

source of reproducibility failures in machine-learning-based research. Croushore (2011) and

Croushore and Stark (2006) provide detailed discussions of the challenges posed by data

revisions for forecast evaluation.

To avoid these issues, we implement a real-time framework in which, for each forecast
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date, the model receives only the data vintage that would have been available at that point.

The earliest actual vintage data from the Federal Reserve are available from August 1999.

For earlier periods, we construct artificial vintages by systematically dropping the most

recent values that would not yet have been released, following the specific publication lag

structure of each variable. While this procedure cannot replicate the exact data revisions

that occurred in real time, these artificial vintages fall outside our out-of-sample evaluation

period and therefore do not affect our forecast assessment. For the weekly ADS index, actual

vintage data are available from December 2008, with earlier vintages constructed artificially

using the same approach.

2.3 Data Preparation

The data undergo several preparation steps before entering the model. Variables with more

than 30 percent of their observations missing are discarded to maintain data quality. Miss-

ing values at the interior and end of each vintage series are handled through forward-fill

imputation, which preserves temporal continuity without introducing information from fu-

ture observations. Remaining missing values at the beginning of a series are filled using the

series median.

Each variable is then transformed to achieve approximate stationarity. Depending on the

variable’s characteristics, transformations include first or second differencing, logarithmic

transformations, or combinations thereof, following the transformation codes established in

the FRED-MD and FRED-QD databases (McCracken and Ng, 2016, 2021).

Finally, within each vintage, we standardize all features by subtracting the vintage-

specific mean and dividing by the vintage-specific standard deviation. This ensures that no

information from future vintages leaks into the scaling procedure.
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3 Methodology

3.1 Model Architecture

The core challenge of incorporating mixed-frequency data into a neural network lies in man-

aging the different temporal structures across data frequencies. Weekly data offer timely

signals for short-horizon forecasting but provide limited information for predicting several

quarters ahead. Quarterly data, by contrast, capture lower-frequency dynamics that are

more informative for longer horizons. Conventional approaches to mixed-frequency forecast-

ing, such as MIDAS regressions (Ghysels et al., 2004), address this by imposing parsimonious

lag polynomial structures that map high-frequency observations to the low-frequency tar-

get. Factor-based approaches (Mariano and Murasawa, 2003; Bańbura et al., 2010) estimate

latent factors jointly across frequencies using state-space models, though this comes with

computational costs that grow with the number of frequencies modeled.

Our approach takes a different route. We process each frequency through a dedicated

branch of a Long Short-Term Memory (LSTM) network (Hochreiter and Schmidhuber, 1997;

Pascanu et al., 2013). Each branch receives a sequence of observations at its native frequency

and passes them through an LSTM layer followed by a dense layer. The outputs of the three

branches are then concatenated and fed into a final dense layer that produces the GDP

growth forecast. This “multi-branch” architecture preserves the natural sampling frequency

of each data source and allows the LSTM’s gating mechanism—the forget gate, input gate,

and output gate—to learn frequency-specific patterns of memory retention and updating.

Figure 1 illustrates this architecture. Specifically, the quarterly branch receives 8 lags

(covering two years) of the quarterly principal components, the monthly branch receives 13

lags (one year plus the first month of the current quarter), and the weekly branch receives

13 lags (one quarter) of the ADS index.
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Figure 1: Multi-branch LSTM architecture. Quarterly and monthly features undergo within-
group PCA for dimensionality reduction before entering their respective LSTM branches.
The weekly branch receives the ADS index directly. Each branch processes its input sequence
through an LSTM layer and a dense layer. The three branch outputs are concatenated and
passed through a final dense layer to produce the GDP growth forecast.

These lag lengths were chosen to balance the trade-off between providing sufficient histor-

ical context and avoiding the inclusion of excessively distant observations that would dilute

the signal. The model produces forecasts at five horizons: nowcasting (Q0) through four

quarters ahead (Q4).

To explore the value of different frequency combinations, we estimate several model vari-

ants: a quarterly-only model (Q), a quarterly-monthly model (QM), and the full quarterly-

monthly-weekly model (QMW). Additionally, for the QMW specification, we consider three

sub-variants corresponding to different amounts of within-quarter information: month-one

(Mo1), month-two (Mo2), and month-three (Mo3), where the monthly and weekly vintages

reflect data available at the end of the first, second, or third month of the current quarter,
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respectively. Comparing these variants allows us to quantify the marginal contribution of

each frequency and of additional within-quarter data releases.

3.2 Dimensionality Reduction

The relatively small number of quarterly observations compared to the large number of

features necessitates dimensionality reduction. We apply Principal Component Analysis

(PCA) within each of the 12 variable groups separately, following the factor-based tradition

in macroeconomic forecasting (Stock and Watson, 2002a; Bai and Ng, 2002). For each group,

we retain one principal component if the first component explains at least 98 percent of the

within-group variance, and two components otherwise. This procedure preserves over 80

percent of the variance for most groups while substantially reducing the input dimensionality.

A separate PCA model is estimated for each variable group at the quarterly and monthly

frequencies. The PCA models are estimated using data through 2001Q2—the end of the

validation period—and the resulting loadings are applied consistently across all subsequent

vintages. This ensures that no information from the out-of-sample test period leaks into

the dimensionality reduction step. PCA is not applied to the weekly frequency because

only the ADS index is used, so no further reduction is needed. The resulting framework

parallels the DFM literature, where information criteria guide the selection of the number of

factors (Bai and Ng, 2002), while connecting naturally to recent work on PCA for potentially

nonstationary series (Hamilton et al., 2024).

3.3 Training, Validation, and Testing

The dataset is divided into three segments: training (1959Q3 through 1990Q3), validation

(1990Q4 through 2001Q2), and testing (2001Q3 through 2024Q1). Hyperparameter tuning,

including the number of LSTM layers, the number of units per layer, the learning rate, and

the dropout rates, is performed over the validation period using grid search. No information

from the test period is used to select model hyperparameters.
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During the test period, we employ an expanding-window scheme: before each forecast,

the model is retrained using all available data up to that point. This allows the model

to adapt to evolving economic conditions while maintaining the temporal integrity of the

evaluation. The choice of 2001Q3 as the start of the test period ensures an adequate out-of-

sample span that includes the 2001 recession, the Great Financial Crisis, and the COVID-19

recession, providing evaluation across diverse economic regimes. Figure 2 illustrates this

expanding-window design, showing how each successive forecast date adds one quarter of

observations to the training set while the forecast horizon shifts forward.

Figure 2: Expanding-window data structure. Each data point pairs a set of quarterly features
(8 lags) and monthly features (13 lags) with the corresponding GDP growth target. The
training window expands from 1959Q3 forward as each new forecast date is reached, while
the test period (green) covers 2001Q3–2024Q1. For each forecast, the model uses only
information available at that point, preserving real-time validity.

3.4 Regularization and Ensemble Forecasting

Overfitting is a well-known concern when applying deep learning methods to the relatively

small samples typical of macroeconomic data. We address this through two forms of reg-

ularization. First, following Zaremba et al. (2014), we apply dropout to the non-recurrent
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connections of the LSTM, which preserves the model’s ability to maintain long-term memory

while preventing co-adaptation of neurons. Second, we apply dropout to the dense layers

that follow each LSTM branch. In addition, batch normalization (Ioffe and Szegedy, 2015)

is applied within the model layers to stabilize training.

Forecasts are constructed as the average of 20 model runs, each initialized with a different

random seed but sharing the same architecture and training data. This ensemble approach

reduces the variance of individual predictions and provides a natural measure of forecast

uncertainty through the dispersion across runs (Dietterich, 2000). The choice of 20 ensemble

members was found to provide stable results in practice, though this number can be increased

at the cost of additional computation.

3.5 Forecast Evaluation

We evaluate forecasts using root mean squared error (RMSE), with the ground truth defined

as the most recently available GDP release from FRED. To test whether differences in

forecast accuracy between the LSTM and the SPF are statistically significant, we apply the

Diebold-Mariano test (Diebold and Mariano, 1995), which assesses the null hypothesis of

equal predictive ability based on the loss differential between two competing forecasts.

4 Results

4.1 Overall Performance

Table 1 reports the RMSE of the LSTM model (using the QMW Mo2 specification) and the

SPF median forecast across five horizons, along with the p-values of the Diebold-Mariano test

for the full evaluation period (2001Q3–2024Q1), the pre- and post-COVID period (2001Q3–

2019Q4 and 2021Q1–2024Q1), and the COVID period (2020Q1–2020Q4).
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Table 1: Forecast Performance: LSTM vs. SPF (RMSE)

Q0 (Nowcast) Q1 Q2 Q3 Q4

Full Sample (2001Q3–2024Q1)

LSTM 4.131 5.423 5.186 5.206 5.279

SPF 2.558 4.655 5.257 5.309 5.286

DM test (p-value) 0.142 0.319 0.245 0.327 0.941

Pre- and Post-COVID (2001Q3–2019Q4 & 2021Q1–2024Q1)

LSTM 1.900 2.240 2.351 2.281 2.312

SPF 1.797 2.206 2.384 2.412 2.437

DM test (p-value) 0.447 0.784 0.785 0.365 0.401

COVID Period (2020Q1–2020Q4)

LSTM 17.597 23.663 22.172 22.436 22.756

SPF 8.869 19.675 22.476 22.685 22.507

DM test (p-value) 0.178 0.399 0.047∗ 0.651 0.577

∗ denotes significance at the 5% level.

Over the full evaluation period, the Diebold-Mariano test reports no statistically sig-

nificant difference between the LSTM and the SPF at any horizon. Looking at the point

estimates, the LSTM trails the SPF at the nowcasting and one-quarter-ahead horizons, but

produces lower RMSEs from the two-quarter-ahead horizon onward. The same pattern holds

in the pre- and post-COVID subsample. This pattern likely reflects the different information

advantages of each approach: the SPF incorporates the real-time judgment and diverse in-

formation sets of professional forecasters, which is especially valuable at very short horizons,

while the LSTM benefits from its ability to extract systematic patterns from accumulated

data that become more informative as the forecast horizon lengthens.

The COVID period warrants separate discussion. Quarter-over-quarter GDP growth fell

by 28 percent (annualized) in 2020Q2 before rebounding by nearly 35 percent in 2020Q3.
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Variations of this magnitude are notoriously difficult for any model to capture. For context,

the New York Fed’s dynamic factor model (Almuzara et al., 2023) recorded a nowcasting

RMSE of 38.73 during this period. The LSTM’s nowcasting RMSE of 17.60 is less than half

that figure. Moreover, at the two-quarter-ahead horizon, the LSTM significantly outperforms

the SPF (p = 0.047), with an RMSE improvement of 0.30 percentage points. This result

provides evidence that the LSTM architecture can process rapidly changing information

effectively, even during unprecedented economic dislocations.

4.2 The Value of Mixed-Frequency Data

A central question motivating our framework is whether richer information structures im-

prove forecasting performance. We address this by comparing models that use different

frequency combinations: quarterly only (Q), quarterly-monthly (QM), and the full quarterly-

monthly-weekly (QMW) specification (Table 2).

Table 2: Diebold-Mariano Test p-values Across Model Pairs

Q0 (Nowcast) Q1 Q2 Q3 Q4

Across Frequency Model Pairs (2001Q3–2024Q1)

Q-QM 0.059∗ 0.731 0.903 0.530 0.974

Q-QMW 0.071∗ 0.693 0.376 0.438 0.773

QM-QMW 0.096∗ 0.747 0.374 0.399 0.401

Within QMW Model Variants (2001Q3–2024Q1)

QMW Mo1–QMW Mo2 0.212 0.475 0.932 0.204 0.279

QMW Mo1–QMW Mo3 0.197 0.075∗ 0.053∗ 0.649 0.153

QMW Mo2–QMW Mo3 0.213 0.163 0.084∗ 0.936 0.473

∗ denotes p < 0.1.

The results indicate that the marginal value of adding higher-frequency data depends on

the forecast horizon. For nowcasting and one-quarter-ahead forecasts, incorporating monthly
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and especially weekly data yields meaningful improvements, consistent with the idea that

higher-frequency indicators capture timely signals about the current state of the economy.

For longer horizons—three and four quarters ahead—the gains from adding monthly or

weekly data are modest, and the quarterly-only model performs comparably. This finding

is consistent with the time-series data’s time-sensitive nature: the informational content of

high-frequency data depreciates as the forecast horizon lengthens, while the lower-frequency

dynamics embedded in quarterly series remain informative.

Within the QMW specification, the comparison across monthly vintages (Mo1, Mo2,

and Mo3) reveals that the first within-quarter data release (Mo1 to Mo2) provides a statis-

tically significant improvement for nowcasting and one-quarter-ahead forecasts in the pre-

and post-COVID period. The second update (Mo2 to Mo3) offers no additional significant

improvement at any horizon. This suggests that the bulk of the within-quarter information

gain occurs with the initial data release, and subsequent updates contribute primarily to

precision rather than to qualitative changes in the forecast.

4.3 Real-Time vs. Latest-Available Data

To quantify the importance of using real-time vintage data, we compare the QMW model

estimated with vintage data against a “snapshot” model that uses the latest-available (fully

revised) data at each forecast date (Table 3). The snapshot model consistently produces

lower RMSEs for short time horizons, reflecting its access to information that would not

have been available in real time. This gap demonstrates the severity of look-ahead bias when

revised data are used for model evaluation. The real-time model produces the forecasts that

a practitioner would actually have obtained, and it is these forecasts that should be used

for fair comparison with benchmarks such as the SPF. This underscores the importance

of vintage-based evaluation, a point emphasized by Croushore and Stark (2006) and Stark

(2010) in the context of survey forecasts.
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Table 3: Forecast Performance: LSTM QMW Model using Real-Time vs. Latest-Available
Data (RMSE)

Q0 (Nowcast) Q1 Q2 Q3 Q4

Full Sample (2001Q3–2024Q1)

LSTM (QMW; real-time) 4.131 5.423 5.186 5.206 5.279

LSTM (QMW; latest-available) 3.986 4.849 5.264 5.263 5.217

5 Model Interpretation

Neural network models are sometimes criticized for their lack of interpretability (Karpa-

thy et al., 2015; Guidotti et al., 2018; Samek et al., 2021). We address this by applying

SHAP (Shapley Additive Explanations) values (Lundberg and Lee, 2017; Shapley, 1953) to

decompose the LSTM’s predictions into contributions from individual features and feature

groups (Lundberg et al., 2020). Specifically, we use the gradient explainer (Erion et al., 2021;

Sundararajan et al., 2017; Smilkov et al., 2017), which combines integrated gradients with

gradient smoothing and is well-suited to models with correlated features—a characteristic of

macroeconomic data.

For interpretation, we aggregate absolute SHAP values at the variable-group level, sum-

ming over the principal components within each group to obtain a group-level importance

measure. Using absolute values ensures that positive and negative contributions do not offset

one another, and it focuses the analysis on the magnitude of each group’s influence on the

forecast.
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5.1 Variable Importance Across Frequencies, Lags, Horizons, and

Time

Across specifications, we find a consistent pattern in how predictive information is distributed

over data frequencies, lags, and forecast horizons. High-frequency (weekly) indicators are

most informative for nowcasting and short-horizon forecasts, particularly around economic

turning points, while lower-frequency (quarterly) variables become increasingly important

as the forecast horizon extends. In addition, recent observations (short lags) contribute

most to predictive power, especially at longer horizons. These patterns are stable over time

and become even more pronounced during periods of rapid economic change, such as the

COVID-19 recession.

Figure 3 summarizes variable importance across quarterly, monthly, and weekly fre-

quencies, aggregated over all lags from 2001Q3 to 2024Q1. Weekly data are mostly in-

formative for nowcasting (Q0), whereas quarterly data dominate at longer forecast horizons

(Q1-Q4). In addition, recent lags (1-3) account for the largest share of predictive power,

especially at longer horizons. These patterns reflect the time-sensitive nature of macroeco-

nomic data: higher-frequency indicators are most valuable for near-term predictions, while

lower-frequency information becomes more relevant as the forecast horizon extends.

Complementing this, Figure 4 shows how feature importance by frequency evolves over

time. Weekly data become especially influential around turning points for nowcasting (Q0),

notably during the Global Financial Crisis and the COVID-19 recession in 2020. For longer-

horizon forecasts, quarterly data play a more prominent role, with their importance increas-

ing with the forecast horizon, while the contribution of weekly data declines sharply. This

again highlights the differential roles of data frequencies: high-frequency indicators are more

responsive to contemporaneous economic conditions, whereas lower-frequency data provide

more stable signals for longer-term forecasts.
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Figure 3: SHAP value by forecast horizon and data frequency, full out-of-sample period
(2001Q3 - 2024Q1).

Figure 4: SHAP value over time by forecast horizon and data frequency, aggregated by fiscal
year. Note that nowcasting (Q0) and one quarter ahead forecasting (Q1) lack data for 2024,
due to the setting that predictions are up to 2024Q2 and 2024Q3, respectively, therefore no
fiscal aggregation could be generated.
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These patterns are consistent in both the pre- and post-COVID periods (Figure 5).

During the COVID period (Figure 6), the importance of weekly data becomes even more

pronounced for nowcasting (Q0) and short-horizon forecasting (Q1). This provides further

evidence that higher-frequency data offer more timely information during periods of rapid

economic change, when lower-frequency indicators may lag behind underlying dynamics.

Figure 5: SHAP value by forecast horizon and data frequency, pre- and post- COVID period
(2001Q3 - 2019Q4 and 2021Q1 - 2024Q1).
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Figure 6: SHAP value by forecast horizon and data frequency, COVID period (2020Q1 -
2020Q4).

5.2 Specific Variable Groups that Dominate Predictions

At the group level, predictive importance varies systematically across data frequencies and

forecast horizons. Quarterly groups are the primary contributors at longer horizons, monthly

groups play an intermediate role, and weekly indicators are most influential for nowcasting

and short-horizon forecasts.

Figure 7 presents group SHAP values by data frequency over the full out-of-sample period.

Among quarterly groups (left panel), household and non-household balance sheets are the

most important contributors. At the monthly frequency (middle panel), housing and output

and income groups dominate, although their quarterly counterparts contribute less. At the

weekly frequency (right panel), the ADS index is the primary driver of nowcasting with a

SHAP value of 0.312, before declining to 0.154 at Q1, 0.105 at Q2, 0.077 at Q3, and 0.068 at

Q4 as the forecast horizon extends. These patterns are consistent with the frequency-horizon
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relationships documented in Figures 3 and 4.

Figure 7: SHAP value by group, forecast horizon, and data frequency (left: quarterly, middle:
monthly, right: weekly), full out-of-sample period (2001Q3 - 2024Q1).

These relationships remain broadly stable outside the COVID period, with the ranking

of key groups largely unchanged: the ADS index continues to dominate nowcasting, while

quarterly balance sheet variables remain the most important contributors at longer horizons.

For example, the ADS index has a SHAP value of 0.275 for nowcasting in the pre- and post-

COVID subsample, comparable to its magnitude in the full sample.

During the COVID period, however, the role of high-frequency data becomes substantially

more pronounced. The ADS index reaches a SHAP value of 1.111 for nowcasting and remains

dominant at 0.466 (Q1) and 0.167 (Q2) for short-horizon forecasts before declining at longer

horizons. These values are notably larger than those observed outside the COVID period

(Q0: 0.275, Q1: 0.140, Q2: 0.102), highlighting the importance of high-frequency indicators

during periods of rapid economic change. Updated weekly, the ADS index captures abrupt

shifts in economic activity more quickly than lower-frequency measures.

Figure 8 highlights differences in how similar economic concepts behave across frequen-

cies. For nowcasting, the monthly housing group exhibits sustained variation over time, rising

during the Global Financial Crisis, fluctuating afterward, and remaining elevated through
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the mid-2010s. In contrast, the quarterly housing group shows a sharp increase during the

crisis followed by a rapid decline. This contrast illustrates how lower-frequency measures

smooth short-term fluctuations, making them less responsive to rapid economic changes and

therefore less informative for near-term predictions.

Figure 8: Quarterly and monthly housing group SHAP value for nowcasting.

6 Conclusion

This paper develops a mixed-frequency LSTM framework for forecasting U.S. GDP growth

in real time. The approach makes three design choices that distinguish it from much of the

existing literature on machine learning for macroeconomic forecasting. First, it processes

quarterly, monthly, and weekly data through separate network branches, preserving the na-

tive sampling frequency of each source rather than imposing temporal aggregation. Second,

it operates entirely on real-time vintage data, ensuring that performance metrics reflect what

a practitioner would actually have achieved. Third, it provides transparent model interpreta-

tion through SHAP values, addressing the “black box” criticism commonly leveled at neural

network models.

The results demonstrate that the LSTM model produces forecasts competitive with the

Survey of Professional Forecasters across all horizons from nowcasting through four quarters
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ahead. The model is particularly effective during periods of economic turbulence, where its

capacity to process rapidly changing high-frequency information translates into meaningful

forecast improvements. The SHAP analysis reveals that the informational value of data is

dynamic and frequency-dependent: weekly data are most valuable at short horizons and

during turning points, while quarterly data dominate for longer-range prediction.

Several directions for future research emerge from this work. The framework could be

extended to incorporate additional high-frequency data sources, including daily financial

variables, text-based indicators, or alternative data such as satellite imagery and mobility

data, which have proven informative during the COVID-19 period (Woloszko, 2020; Lewis

et al., 2022). Replacing the LSTM with attention-based architectures such as Temporal

Fusion Transformers (Lim et al., 2021) could improve the model’s ability to handle longer

sequences and provide a built-in mechanism for variable selection. Finally, developing density

forecasts from the ensemble of model runs would allow for a richer characterization of forecast

uncertainty, enabling direct comparison with the probabilistic forecasts produced by the SPF

and the methods developed in Clark et al. (2022).
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