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ABSTRACT 

This study develops and evaluates real-time nowcasting models for headline and food inflation using 

Google Trends data across three major economies: the United States, United Kingdom, and India over the 

period 2012–2025. Employing mixed-frequency econometric techniques including MIDAS regression and 

regularized bridge models, we demonstrate that incorporating weekly Google search intensity for 

inflation-related keywords significantly improves nowcasting accuracy compared to traditional time-

series baselines. Our strict real-time evaluation framework accounts for data release lags and information 

availability constraints, ensuring practical relevance for policymakers. Diebold–Mariano tests with Holm–

Bonferroni correction confirm that Google Trends-augmented models systematically outperform 

seasonal-naive and ARIMA benchmarks, with mean absolute errors reduced by 15-30% across countries. 

The methodology provides timely inflation signals particularly valuable during periods of economic 

uncertainty. 
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1. INTRODUCTION 

Timely and accurate inflation forecasting is crucial for monetary policy formulation and economic 

decision-making. Traditional inflation indicators often suffer from publication delays, with official 

Consumer Price Index (CPI) data typically released 2-3 weeks after the reference month. This creates an 

information gap that hampers real-time economic assessment, particularly during periods of rapid price 

changes such as the recent global inflationary episodes of 2021-2023. 

The proliferation of high-frequency digital data sources, particularly Google search activity, offers 

promising avenues for bridging this gap. Google Trends data provides weekly measures of search intensity 

for inflation-related keywords, potentially capturing public sentiment and price pressures in real-time 

(Choi & Varian, 2012). This study contributes to the growing literature on nowcasting by developing a 

comprehensive real-time evaluation framework that strictly enforces information availability constraints 

across three countries, implementing rigorous statistical testing using Diebold–Mariano tests with multiple 

testing corrections, and comparing mixed-frequency methodologies including MIDAS regression and 

regularized bridge models. 
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Central banks worldwide face increasing pressure to respond quickly to inflationary pressures, making 

timely inflation assessment a critical policy tool (Yellen, 2017). The Federal Reserve's recent emphasis 

on data-dependent policy making, the European Central Bank's focus on real-time indicators, and 

emerging market central banks' need for early warning systems all highlight the practical importance of 

nowcasting methodologies. 

Our analysis covers three diverse economies—the United States (advanced economy with mature digital 

infrastructure), the United Kingdom (advanced economy with distinct consumption patterns), and India 

(emerging market with high food inflation volatility)—allowing us to assess the robustness and 

generalizability of Google Trends-based nowcasting across different economic contexts. 

 

2. LITERATURE REVIEW 

2.1 Nowcasting and Mixed-Frequency Methods 

The nowcasting literature has increasingly embraced high-frequency alternative data sources to overcome 

the publication lags inherent in official statistics. Ghysels, Santa-Clara, and Valkanov (2004) introduced 

Mixed Data Sampling (MIDAS) regression techniques that formally handle predictors sampled at different 

frequencies than the target variable. This methodology has been widely adopted for macroeconomic 

forecasting applications where high-frequency financial or survey data can inform low-frequency 

macroeconomic targets. 

Andreou, Ghysels, and Kourtellos (2013) provide a comprehensive survey of mixed-frequency modeling, 

emphasizing the importance of proper specification testing and real-time evaluation. Their work highlights 

key methodological considerations that inform our approach, particularly the need for careful treatment of 

information sets and parameter stability. 

Recent applications to inflation include Monteforte and Moretti (2013), who use daily financial data to 

nowcast euro area inflation, and Modugno (2013), who develops a mixed-frequency vector autoregression 

for US inflation. Libonatti (2019) demonstrates the value of mixed-frequency techniques for core inflation 

forecasting in Latin America, while Lundgren and Wicktor (2023) apply similar methods to US inflation 

with high-frequency price indices. 

2.2 Google Trends in Economic Forecasting 

The use of Google search data for economic analysis has grown rapidly since the pioneering work of Choi 

and Varian (2012). Early applications focused on unemployment (D'Amuri & Marcucci, 2017), 

consumption (Vosen & Schmidt, 2011), and housing markets (Wu & Brynjolfsson, 2015). The search-

based approach builds on the intuition that economic agents' information gathering behavior reflects 

underlying economic conditions and expectations. 

For inflation specifically, several studies have documented the predictive value of search data. Guzman 

(2011) finds that inflation-related searches help predict Mexican CPI, while Narita and Yin (2018) show 

similar results for Japan. More recently, Li and Karadas (2019) use neural networks with Google Trends 

to nowcast US inflation, achieving significant improvements over traditional methods. 

The OECD (2020) developed a comprehensive real-time GDP tracker using Google Trends across 46 

countries, highlighting the cross-country applicability of search-based indicators. Their methodology 

provides important precedent for our multi-country approach and real-time implementation. 

2.3 Real-Time Evaluation and Forecast Comparison 

The importance of real-time evaluation in forecasting has been emphasized since the seminal work of 

Stark and Croushore (2002) on data vintages. Their analysis shows that forecasting performance can be 
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substantially overstated when evaluations use revised data rather than the real-time information actually 

available to forecasters. 

For forecast comparison, the Diebold and Mariano (1995) test remains the gold standard, though multiple 

testing issues require careful treatment. Clark and McCracken (2001) provide theoretical foundations for 

forecast evaluation in nested models, while Romano and Wolf (2005) develop improved multiple testing 

procedures that we employ in our analysis. 

 

3. DATA 

3.1 Official CPI Data Sources and Characteristics 

We collect monthly CPI data from official statistical agencies for three major economies. For the United 

States, we use Bureau of Labor Statistics CPI-U (All Urban Consumers), series CPIAUCSL, sourced from 

the FRED database. For the United Kingdom, we obtain Office for National Statistics Consumer Price 

Index (2015=100) from ONS Statistical Bulletins. For India, we use Ministry of Statistics and Programme 

Implementation CPI (Base: 2012=100) from MOSPI official publications. 

Our sample spans January 2012 through July 2025, providing 163 monthly observations per country. The 

choice of 2012 as starting point ensures adequate Google Trends coverage while providing sufficient 

observations for robust estimation. We focus on headline CPI year-over-year inflation rates and food 

component inflation, given their particular policy relevance. 

 

Table 1: Data Summary Statistics 

Country 
CPI 

Start 

CPI 

End 

N 

Months 
Keywords 

Release 

Lag 

Latest 

Headline 

Latest 

Food 

United States 
2012-

01 

2025-

07 
163 8 14 days 1.83% 2.14% 

United 

Kingdom 

2012-

01 

2025-

07 
163 8 18 days 0.56% 1.02% 

India 
2012-

01 

2025-

07 
163 8 13 days 5.99% 7.88% 

Note: Release lag represents typical delay between month-end and CPI publication. Latest inflation rates 

as of July 2025. 

 

3.2 Google Trends Data Collection and Processing 

Weekly Google Trends data is collected for country-specific keyword sets designed to capture inflation-

related search behavior. The selection balances broad inflation terms with specific price categories that 

are salient to consumers. Data collection follows Google Trends API protocols, with geographic 

restrictions set to country level and time period standardized to weekly frequency. 

United States: "inflation", "food prices", "grocery prices", "gasoline price", "bread price", "milk price", 

"egg price", "beef price" 

United Kingdom: "inflation", "food prices", "grocery prices", "petrol price", "bread price", "milk price", 

"egg price", "beef price" 

https://www.ijfmr.com/
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India: "inflation", "food inflation", "onion price", "tomato price", "rice price", "wheat price", "milk price", 

"vegetable prices" 

The keyword selection reflects country-specific consumption patterns and search terminology. For India, 

we include specific commodity terms like "onion price" and "tomato price" that are particularly relevant 

to local food inflation dynamics, given their political and economic significance in Indian inflation 

episodes. 

3.3 Google Trends Stitching and Standardization 

A critical methodological challenge with Google Trends data is rescaling—each query returns data 

normalized to 0-100 within the specific time window, making cross-period comparisons problematic 

(Stephens-Davidowitz & Varian, 2015). We implement a systematic stitching methodology using 

overlapping windows to create consistent time series. 

The stitching process involves: (1) downloading data in overlapping 5-year windows with 1-year overlap 

periods, (2) identifying common weeks across adjacent windows for scaling factor calculation, (3) 

calculating multiplicative scaling factors based on overlapping period averages, (4) applying scaling 

sequentially to create consistent historical series, (5) smoothing using 4-week moving average to reduce 

high-frequency noise, and (6) standardizing within training samples to ensure zero mean and unit variance. 

Figure 1: CPI Release Calendar and Real-Time Data Availability 

 
Note: Chart shows typical CPI release timing for each country relative to month-end, illustrating the 

information gap that nowcasting aims to fill. 

 

3.4 Real-Time Information Sets and Release Calendar 

Our evaluation strictly adheres to real-time constraints, recognizing that policymakers must make 

decisions based on information available at the time. We construct a detailed release calendar for each 

country based on historical publication patterns from statistical agencies. 
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CPI data is subject to systematic release lags: United States approximately 14 days after month-end 

(typically mid-month release), United Kingdom approximately 18 days after month-end (typically third 

Tuesday of following month), and India approximately 13 days after month-end (typically by 12th of 

following month). 

For each nowcast, we only use information available at the forecast origin date, ensuring our evaluation 

reflects genuine real-time constraints rather than hindsight bias. This includes respecting Google Trends 

availability, which typically lags by 2-3 days but is still substantially faster than official CPI releases. 

 

Figure 2: Google Trends Stitching Diagnostic for US "Inflation" Searches 

 
Note: Top panel shows raw Google Trends data with scaling discontinuities. Bottom panel shows 

stitched data providing consistent scaling throughout the sample period. 

 

4. METHODOLOGY 

4.1 Baseline Models 

We establish performance benchmarks using standard time-series models that represent current practice 

in policy institutions. 

4.1.1 Seasonal Naive (SN) 

This simple benchmark repeats the inflation rate from the same month in the previous year: 

ŷt = yt-12 

While simplistic, this model provides a robust benchmark that is difficult to beat consistently (Hyndman 

& Athanasopoulos, 2021). 

4.1.2 ARIMA Models 

We estimate auto-regressive integrated moving average models with orders selected via Akaike 

Information Criterion (AIC): 

https://www.ijfmr.com/
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(1-φ1L-...-φpLp)(1-L)d(yt-μ) = (1+θ1L+...+θqLq)εt 

where L is the lag operator, d is the degree of differencing, φi are autoregressive parameters, θj are moving 

average parameters, μ is the mean, and εt is white noise innovation. 

 

4.2 Mixed-Frequency Models 

4.2.1 MIDAS Regression 

Mixed Data Sampling regression aggregates high-frequency Google Trends using distributed lag weights: 

yt = β0 + β1 Σk=1K w(k;θ)xt-k(m) + εt 

where yt is monthly inflation, xt-k(m) are weekly Google Trends lags, and w(k;θ) are Beta-distributed 

weights: 

w(k;θ) = B(k/K; θ1, θ2) / Σj=1K B(j/K; θ1, θ2) 

The Beta weighting function allows flexible lag structures. We estimate θ parameters via nonlinear least 

squares, with maximum lag length K set to 12 weeks. 

4.2.2 Bridge Regression 

We implement bridge models using monthly aggregated Google Trends with LASSO regularization: 

ŷt = argmin {Σ(yt - β0 - Σβjxjt)² + λΣ|βj|} 

where λ is chosen via 5-fold cross-validation within training samples. 

 

4.3 Real-Time Evaluation Protocol 

Our evaluation framework ensures practical relevance by strictly enforcing information availability 

constraints: 

Initial Training Period: January 2012 – December 2016 (60 months) 

Rolling Evaluation: January 2017 – July 2025 with expanding windows 

Information Set: At each forecast origin, only use data available by that date 

Re-estimation: Monthly parameter updates using all available historical data 

No Look-Ahead: Target variable for month t never used in estimation for month t nowcast 

 

4.4 Forecast Evaluation and Statistical Testing 

We evaluate forecast accuracy using Root Mean Squared Error (RMSE = √(1/T Σ(yt - ŷt)²)) and Mean 

Absolute Error (MAE = 1/T Σ|yt - ŷt|). For statistical comparison, we employ the Diebold-Mariano (1995) 

test: 

DM = d̄ / √(V̂ar(d̄)) 

where d̄ is the mean loss differential and V̂ar(d̄) is estimated using Newey-West standard errors. We apply 

Holm-Bonferroni correction to control family-wise error rate across multiple comparisons. 

 

5. RESULTS 

5.1 Real-Time Forecast Accuracy 

Table 2 presents comprehensive real-time forecast accuracy metrics across countries, targets, and models. 

The results reveal several striking patterns that hold consistently across our three-country sample. 
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Table 2: Real-Time Forecast Accuracy (RMSE and MAE) 

Country Target Model RMSE MAE N Forecasts 

US Headline YoY 

Seasonal Naive 1.249 0.874 102 

ARIMA 0.867 0.607 102 

Bridge Ridge 1.128 0.789 102 

Bridge Lasso 0.923 0.645 102 

MIDAS 0.616 0.431 102 

US Food YoY 

Seasonal Naive 1.167 0.817 102 

ARIMA 1.234 0.863 102 

Bridge Ridge 0.987 0.691 102 

Bridge Lasso 0.845 0.591 102 

MIDAS 0.502 0.351 102 

UK Headline YoY 

Seasonal Naive 1.456 1.019 102 

ARIMA 1.134 0.794 102 

MIDAS 0.823 0.576 102 

India Headline YoY 

Seasonal Naive 2.154 1.508 102 

ARIMA 1.967 1.377 102 

MIDAS 1.234 0.864 102 

India Food YoY 

Seasonal Naive 3.421 2.398 102 

ARIMA 3.156 2.209 102 

MIDAS 1.456 1.019 102 

Note: Bold indicates best performance for each country-target combination. All statistics computed from 

real-time out-of-sample forecasts January 2017-July 2025. 

 

First, Google Trends-augmented models, particularly MIDAS regression, consistently outperform 

baseline approaches across all countries and targets. For US headline inflation, MIDAS achieves MAE of 
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0.431% compared to 0.874% for seasonal naive, representing a 51% improvement. Similar patterns hold 

for food inflation and across other countries. 

Second, the improvements are particularly pronounced for food inflation. US food inflation MAE drops 

from 0.817% (seasonal naive) to 0.351% (MIDAS), a 57% improvement. For India, food inflation MAE 

improves from 2.398% to 1.019%, a 58% reduction. This aligns with our hypothesis that food price 

searches directly reflect consumer shopping experiences. 

Third, MIDAS regression systematically outperforms bridge models, suggesting that explicit mixed-

frequency modeling captures relevant dynamics better than simple monthly aggregation with 

regularization. 

5.2 Statistical Significance of Forecast Improvements 

Table 3 reports Diebold-Mariano test results comparing Google Trends models against baseline 

approaches, with p-values adjusted using Holm-Bonferroni correction for multiple testing. 

 

Table 3: Diebold-Mariano Test Results vs. Baselines 

Country Target Baseline GT Model DM Stat p-value Adj. p-value Significant 

US 

Headline 

Seasonal Naive MIDAS -3.142 0.002 0.008 *** 

ARIMA MIDAS -2.456 0.014 0.028 ** 

Food 

Seasonal Naive MIDAS -3.789 0.000 0.001 *** 

ARIMA MIDAS -3.234 0.001 0.005 *** 

UK Headline 

Seasonal Naive MIDAS -2.876 0.004 0.012 ** 

ARIMA MIDAS -1.987 0.047 0.094 * 

India 

Headline 

Seasonal Naive MIDAS -2.634 0.008 0.018 ** 

ARIMA MIDAS -2.123 0.034 0.068 * 

Food 

Seasonal Naive MIDAS -4.256 0.000 0.000 *** 

ARIMA MIDAS -3.567 0.000 0.002 *** 

Note: Negative DM statistics indicate GT model outperforms baseline. Significance levels: *** p 

The results provide strong statistical evidence for the superiority of Google Trends-based approaches. 

MIDAS regression significantly outperforms seasonal naive at the 1% level for food inflation across all 

countries and for headline inflation in the US and India. The improvements over ARIMA are also 

statistically significant in most cases, even after conservative multiple testing corrections. 

 

5.3 Forecast Calibration Analysis 

Table 4 presents Mincer-Zarnowitz regression results testing forecast unbiasedness and efficiency. Well-

calibrated forecasts should satisfy α = 0 (no systematic bias) and β = 1 (correct scaling). 
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Table 4: Mincer-Zarnowitz Calibration Tests 

Country Target Model α β α p-val β=1 p-val Joint p-val 

US Headline 

Seasonal Naive 0.234 0.887 0.156 0.421 0.284 

ARIMA -0.089 1.143 0.673 0.234 0.412 

MIDAS 0.067 0.956 0.734 0.672 0.823 

India Food 

Seasonal Naive 0.567 0.743 0.089 0.032 0.045 

ARIMA 0.445 0.821 0.123 0.067 0.089 

MIDAS 0.123 0.891 0.456 0.387 0.542 

Note: Mincer-Zarnowitz regression: Actual = α + β × Forecast + ε. Good calibration requires α = 0, β = 1. 

The MIDAS models consistently show the best calibration properties, with joint test p-values well above 

conventional significance levels for most country-target combinations. This indicates that MIDAS 

forecasts are both unbiased and efficiently scaled, important properties for policy applications. 

 

5.4 Temporal Stability and Regime Analysis 

Figure 3: Rolling 24-Month Mean Absolute Error for US Headline Inflation 

 
Note: Chart shows rolling 24-month MAE for different models. Gray shaded area indicates COVID-19 

period (2020-2021) when all models experienced elevated errors. 
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Performance varies across economic regimes, with all models experiencing higher errors during the 

COVID-19 period (2020-2021) when economic relationships experienced structural breaks. However, 

Google Trends models maintain their relative advantage throughout the sample, including during high-

volatility periods. 

The rolling analysis reveals that MIDAS consistently outperforms baselines across different time periods, 

the Google Trends advantage is particularly pronounced during crisis periods when traditional 

relationships break down, and model performance stabilizes in the post-2022 period as economic 

conditions normalized. 

 

Table 5: Robustness Analysis Across Time Periods 

Country Period Model RMSE MAE N Obs 

US Headline 

Pre-COVID (2017-2019) 

Seasonal Naive 0.987 0.689 36 

ARIMA 0.723 0.506 36 

MIDAS 0.456 0.319 36 

COVID Period (2020-2021) 

Seasonal Naive 1.867 1.306 24 

ARIMA 1.234 0.864 24 

MIDAS 0.923 0.646 24 

Post-COVID (2022-2025) 

Seasonal Naive 1.134 0.794 42 

ARIMA 0.789 0.552 42 

MIDAS 0.523 0.366 42 

Note: Robustness analysis shows MIDAS maintains superiority across different economic regimes, though 

absolute performance deteriorates during crisis periods for all models. 
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5.5 Cross-Country Heterogeneity and Mechanisms 

Figure 4: Diebold-Mariano Test Significance Heatmap 

 
Note: Colors indicate significance levels - dark green (highly significant p 

The cross-country analysis reveals systematic patterns in Google Trends effectiveness. The United States 

shows the most consistent improvements across both headline and food inflation, possibly reflecting 

mature digital adoption and stable search-inflation relationships in a developed economy. 

The United Kingdom demonstrates strong results for headline inflation, with somewhat more mixed 

results for food inflation, potentially reflecting different consumption patterns and search behaviors 

compared to the US. 

India exhibits particularly strong results for food inflation, consistent with the prominence of food prices 

in Indian household budgets and policy discussions. The inclusion of commodity-specific search terms 

appears especially valuable in this context. 

 

6. DISCUSSION AND LIMITATIONS 

6.1 Economic Mechanisms and Interpretation 

Our results suggest several mechanisms through which Google search data provides early signals of 

inflationary pressures. First, consumer search behavior appears to respond rapidly to price changes 

experienced during routine shopping, particularly for frequently purchased items like food. Second, media 

coverage of inflation tends to generate search activity that anticipates official statistics. Third, search 

intensity may capture regional price variations that aggregate statistics smooth over. 

The stronger performance for food inflation aligns with these mechanisms, as food prices are more salient 

to consumers, subject to higher volatility, and experience more frequent price adjustments than services 

or durable goods. 
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6.2 Limitations and Caveats 

Several limitations merit acknowledgment. First, the relationship between search behavior and inflation 

may not be stable across all economic conditions, as evidenced by reduced performance during the 

COVID-19 period. Second, our keyword selection, while informed by economic reasoning and pilot 

testing, involves subjective judgment and may not capture all relevant search behavior. Third, part of the 

Google Trends advantage reflects faster data availability rather than purely superior predictive content. 

Fourth, our evaluation period, while substantial, may not capture all possible economic regimes. 

Additionally, the methodology requires ongoing maintenance as search behavior evolves with technology 

adoption, demographic shifts, and changes in media consumption patterns. Cultural and linguistic 

differences across countries add complexity to international applications. 

6.3 Policy Implementation Considerations 

For central banks considering operational implementation, several factors require attention. The 

methodology requires moderate technical expertise but can be implemented with standard econometric 

software. Real-time data pipelines need establishment for operational use. Practitioners should maintain 

baseline forecasts for comparison and be aware of potential instabilities during crisis periods. 

Communication of Google Trends-based forecasts to policy committees and the public requires careful 

explanation of methodology and limitations. Building institutional trust in new methodologies takes time 

and consistent performance demonstration. 

 

7. CONCLUSION 

This study provides comprehensive evidence that Google Trends data significantly improves inflation 

nowcasting across diverse economic contexts. Our analysis demonstrates that mixed-frequency 

econometric techniques, particularly MIDAS regression, effectively harness high-frequency search data 

to improve upon traditional forecasting approaches. 

The key findings are robust and policy-relevant. Google Trends-augmented models reduce forecast errors 

by 15-30% compared to standard baselines, with improvements that are statistically significant after 

appropriate corrections for multiple testing. The benefits are particularly pronounced for food inflation, 

where search behavior appears most directly related to consumer price experiences. Results hold across 

developed and emerging economies, suggesting broad applicability for international policy coordination. 

The strict real-time evaluation framework and comprehensive statistical testing strengthen confidence in 

these findings and their practical relevance. While limitations exist, particularly regarding stability during 

crisis periods, the overall evidence strongly supports incorporating Google Trends data into inflation 

nowcasting frameworks. 

For policymakers, these models offer enhanced situational awareness during periods when official 

statistics lag economic reality. The methodology provides a practical tool for improving real-time 

economic assessment, with clear applications for monetary policy, fiscal planning, and crisis response. 

The 1-2 week timing advantage over official statistics can be crucial during periods of rapid economic 

change. 

Future research should focus on extending the methodology to other macroeconomic variables, developing 

more sophisticated keyword selection algorithms, and investigating the behavioral mechanisms through 

which search activity reflects economic conditions. Machine learning approaches and alternative high-

frequency data sources also warrant exploration. 
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Data Availability Statement 

Replication Materials: All data, code, and documentation necessary to replicate this study are available in 

the online replication package. This includes cleaned datasets, estimation code, real-time evaluation 

scripts, and detailed documentation. 

Data Sources: CPI data obtained from official statistical agencies (BLS, ONS, MOSPI). Google Trends 

data collected via official API following documented protocols. All data collection dates and parameters 

are recorded in the replication package. 

Software: Analysis conducted using Python 3.9 with packages listed in requirements.txt. Complete Jupyter 

notebook provided for reproducibility. 
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