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The Lag Problem: Official CPI data is released with a 

significant delay, leaving the common decision-makers 

reacting to the past rather than the present.

Real-Time Information Gap: We are in a volatile 

economy; markets and consumers experience price 

changes instantly, but the data doesn't reflect it for weeks.

The Opportunity: Digital traces (Google Search Trends) act 

as a real-time proxy for consumer anxiety and price 

sensitivity.

Our Goal: To bridge this gap by converting search volume 

into a leading indicator for inflation.

The Story: Why This Matters

CPI: A statistical estimate of the level of prices of goods 
and services bought for consumption purposes by 
households.



Anticipate CPI: Build a model that predicts CPI (Consumer 

Price Index) moves 1-3 months ahead of official releases.

Leverage Alternative Data: Use fast-moving signals like 

"gas prices" and "rent" search volume instead of just 

historical econometric data.

Prove the "Lead": Demonstrate statistically significant 

lead-lag relationships (Cross-Correlation).

Outperform Baselines: Achieve lower RMSE (Root Mean 

Squared Error) than standard Seasonal-Naïve and ARIMA 

models.

Initial Goals & Scope



Data Composition/Cleaning - From Raw CPI + Searches → Clean Monthly Dataset

merged_inflation_data.csv = 
cpi_data_only.csv + Google Trends

Monthly FRED CPI data (CPI, CPI_MoM, CPI_YoY) 
from 2010–2025

189 rows, 31 columns
• Inner join on month; drop months with missing 
search data to prevent artificial time gaps

Merged monthly CPI + Google Trends



Key Findings from 189 Months of Data
Strong Signal: “Gas prices” - Spikes in gas price searches 

move closely with CPI YoY, especially during the 2021–22 

inflation surge (corr ≈ 0.56)

Moderate Signal: Rent searches change more slowly but 

still track inflation pressures over time (corr ≈ 0.20–0.28, 

depending on lead)

Composite “Food index” - A combined index of 

grocery-related searches shows a moderate positive link to 

CPI and captures recent food-cost anxiety (late 2023–25), 

so we keep it as a supporting signal.

Data Cleaning: EDA Results

Cleaning Process - Rate Limiting: Implemented backoff 

strategies to fetch keywords without hitting API blocks.



Data Cleaning: EDA Results Extended

(gas prices r ≈ 0.56, rent ≈ 0.27, food index ≈ 

0.27).

gas-price searches - strongest indicator

rent-price searches - hinting lead-lag effect

food index - noisy, agg, signal meaningful

 

Key Findings in Depth -  
from 189 Months of 

Data



Feature Engineering

We created lagged versions of our 

search signals (t-1, t-2, t-3) to 

explicitly test predictive power at 

different time horizons.

Dimensionality 
Reduction
Used PCA (Principal Component 

Analysis) to compress 28 raw 

numeric features into 13 key 

components, preserving 95% of 

variance while reducing noise.

Scaling (StandardScaler)

Standardized all numeric features 

(mean 0, std 1) before PCA and 

modeling (gas, rent, food index)

Prevents high-variance series (like gas 

prices) from dominating the principal 

components and regression.

Analysis: Preprocessing Strategy



Why AutoML?

Instead of manually tuning one model, we used PyCaret to 

systematically test Linear, Tree-based, and Ensemble 

methods on the same PCA Features

Ranking Metric: Models were ranked by Out-of-Sample RMSE 

(Root Mean Squared Error) target CPI_YoY_future_1m.

A cluster of simple linear models -  Linear Regression, 
Ridge, and Bayesian Ridge - best scores (RMSE ≈ 0.39, R² ≈ 
0.96).

Tree-based models like Random Forest and Extra Trees 
were noticeably worse, and dummy baseline had RMSE ≈ 
1.88

Bayesian Ridge as our “winner” - robust to multicollinearity, 
but performance is essentially tied with plain OLS

Analysis: Model Selection (PyCaret)

What Won?



Analysis: Validation Methodology

Each row = one month in our test period (2019–2025).

actual = the true CPI year-over-year inflation for that month.

model = our search-trend model’s prediction for that same month.

baseline_last_month = “just use last month’s CPI YoY again” (naive 
guess).

baseline_seasonal = “use the CPI YoY from the same month last year” 
(seasonal guess)

Compare our model vs simple baselines month-by-month

From these columns we compute RMSE and directional accuracy to 
see if the model actually adds value over “just guess last month / last 
year”

.



Strongest signal: Google searches for “gas prices” have the 

highest link with inflation (correlation r ≈ 0.56), moving 

almost in real time with CPI YoY

Lagged Response: “Rent” searches line up best when 

shifted ~3 months earlier, matching slower lease-renewal 

cycles.

RMSE: Nowcast takeaway: In a 2019–2025 backtest, our 

search-based regression beats a seasonal baseline on 

error and direction (~55–60% right), but the “last-month 

CPI” rule is still very hard to beat..

Predictions & Conclusions
Trained model file (saved and reloadable): results/best_pycaret_model_yoy_1m.pkl.
Nowcast regression results: results/nowcast_r3_g0.csv.

Model performance: With PCA + PyCaret, simple linear 

models (especially Bayesian Ridge) predict next-month CPI 

YoY with low cross-validated error (RMSE ≈ 0.39, R² ≈ 0.96).



Visualizing the Result

The Lead-Lag Relationship

Note how the green line (Search Trends) hugs the 

blue line (Official CPI) very closely. There is a timing 

gap between the two lines, which shows that 

search behavior reacts earlier than reported 

inflation, creating a 1–2 month window for 

policymakers and businesses to prepare for 

upcoming inflation changes.

The key thing to look at is how the predicted line follows the same 

general movement as the actual CPI, especially the timing of peaks 

and drops. Even though the prediction isn’t perfect in terms of 

magnitude, the model still captures the direction and turning points 

reasonably well.



 Signal Noise

Roadblock: "Food prices" keywords were 

extremely noisy and had zero correlation with 

actual food inflation.

Pivot: We dropped individual food items (eggs, 

milk) and tested aggregate terms like "grocery 

bill," to focus on the stronger Gas/Rent signals.

 Rate Limits

Roadblock: Google Trends API aggressively 

blocks frequent requests, which stopped our 

data pipeline.

Pivot: We added backoff and caching so we 

could collect 5 years of data without getting 

blocked.

Roadblocks & Pivots



1
Incorporate weekly gasoline price 

data for higher-frequency 
validation.

2
Build a "Walk-Forward" simulation 
to stress-test the model on 2024 

data.

3
Deploy as a live API that updates 

predictions every morning.

Next Steps

Based on what we learned, we see three clear next steps:



Thank you! Questions?


