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This study investigates whether the Producer Price Index (PPI) provides useful predictive information for Consumer Price Index
(CPI) beyond the information contained in past CPI. Using the U.S. PPI and CPI data between 1947 and 2025, I constructed
lagged regression models of year-over-year (YoY) inflation in Python and evaluated them on a chronologically held-out 2010 -
2025 test period. The combined model, which uses lagged PPI together with lagged CPI, predicts CPI YoY inflation accurately
out-of-sample (R? ~ 0.97; RMSE ~ 0.32 pp). However, a baseline comparison shows that most of this accuracy comes from
the persistence of inflation itself. Adding lagged PPI to a CPI only autoregressive baseline reduces out-of-sample RMSE by
about 2%, but a Diebold-Mariano test cannot distinguish this improvement from zero under either squared-error (p = 0.53)
or absolute-error loss (p = 0.86), and the same result holds under expanding window validation. While lagged PPI terms are
statistically significant in-sample, the gain in out-of-sample forecast accuracy from adding PPI to what past CPI already reveals
is not statistically distinguishable from zero. This pattern holds across lag lengths of 1-12 months. Forecast accuracy is also not
uniform over time with RMSE rising by roughly 26% during the COVID-19 disruption of 2020-2021 relative to the pre-COVID
test years. The hypothesis that PPI leads CPI at a measurable lag is therefore supported only in a limited sense in that lagged
PPI contains statistically detectable in-sample information about CPI inflation, but this does not translate into a statistically
detectable improvement in out-of-sample forecasting.
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Introduction real value of wages, salaries, and pensions, to regulate prices,

and to deflate monetary magnitudes to show changes in real
Inflation is an increase in the price of goods and services over values. In most countries, CPI is one of the most important
time and is an important measure of economic stability. Fed-  national economic statistics and macroeconomic variables.
eral Reserve policymakers study changes in inflation by mon-
itoring several key price indexes'>. The Bureau of Labor
Statistics (BLS) measures labor market activity, working con-
ditions, price changes, and productivity in the U.S. economy
to support public and private decision making. Inflation affects
the purchasing power of money, the value of investments, and
the cost of goods and services for consumers and businesses.
Economists track inflation through several indices, the most
notable being the Producer Price Index (PPI) and the Con-
sumer Price Index (CPI).

The first is the Producer Price Index (PPI). PPI measures
the average change over time in the selling prices received by
domestic producers for their output. PPI tracks prices at the
wholesale/production level (before goods reach consumers).
BLS publishes PPI monthly.

The second is the Consumer Price Index (CPI), which mea-
sures the average change over time in the prices paid by con-
sumers for goods and services. CPI can be used to index the

Firms normally pass on their production costs to consumers,
so changes in producer level prices will typically be seen be-
fore changes in consumer level prices. In other words, increas-
ing production costs for a company should cause an increase
in consumer prices. Research has been conducted to support
this premise and indicates that the PPI represents a leading in-
dicator for the CPI with a delay of a few months. Depending
upon the economic environment, the strength and consistency
of this lead lag relationship may vary across geographies, in-
dustries, and time periods.

Since it is assumed that the change in costs associated with
the producer will be transferred to the consumer, it follows that
the PPI would predict the CPI. Therefore, when costs for pro-
ducers rise, the price to consumers should also eventually rise.
Many studies have examined this relationship indicating that
producer prices lead to consumer prices by several months.

This paper adds on to this pool of research by testing
whether PPI serves as a reliable predictor of CPI using his-
torical U.S. inflation data between 1947 and 2025. By using a
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lagged time index of PPI and regression modeling, this study
evaluates the strength of this predictive relationship.

Therefore, this paper seeks to evaluate the following hy-
pothesis - PPI is a leading predictor of CPI accounting for a
measurable time lag.

Related Work and Literature Review

Various researchers have studied the relationship between CPI
and PPL Li et al.? found that there is a long-term stable re-
lationship between the CPI and the PPI. They also found that
CPI is influenced by its own past values, with both short-term
fluctuations and long-term effects contributing to its move-
ment. Tiwari (2014) et al.* analyzed the relationship between
CPI and PPI for Mexico from 1981 to 2009 and found a bi-
directional relationship between CPI and PPI where CPI is
leading PPI in short periods (1 to 7 months), while for longer
periods (8 to 32 months), PPI was found as the leading vari-
able.

Chen’ studied the relationship between PPI, enterprise
commodity price index, M2, and CPI through the Granger
causality test and cointegration theory and indirectly con-
firmed that PPI is one-way causality of CPIL. Fan® used China’s
CPI and PPI data from January 2001 to August 2008 to con-
duct empirical research. The Granger causality test showed
that there was one-way transmission from CPI to PPI and CPI
Granger causes the change in PPI with the latter reacting to the
former with a time lag of 1-3 months. Xu’ used the same data
as Fan© to find the Granger reason for each other in the short
and long term. They concluded that CPI and PPI are complex
nonlinear causality.

The international evidence on the PPI-CPI lead lag relation-
ship is decidedly mixed. Shahbaz et al.® found a robust long-
run relationship between producer and consumer prices in
Pakistan using the auto-regressive distributive model (ARDL)
and found that the feedback influence from PPI to CPI is
stronger or dominating as compared to feedback from CPI to
PPI. In contrast with earlier international evidence, Sidaoui et
al.? found that PPI has a significant predictive content for the
subsequent development of CPI inflation forecasts in Mexico.
Topuz et al. '° found bi-directional causality between producer
and consumer prices in both Turkey and the United Kingdom.
Working in the frequency domain, Tiwari (2012)!! found that
in Australia producer prices do not Granger-cause consumer
prices at any frequency and consumer prices instead lead pro-
ducer prices.

In China, Sun et al. '~ applied a rolling-window bootstrap
causality test and found that the direction of causality between
PPI and CPI shifts over time rather than remaining fixed. At
the sectoral level, Aphane et al. 13 found no causal link from
producer prices to consumer prices for South African beef,

L 12

with causality for other meats running from consumer to pro-
ducer prices.

Taken together, these studies show that the direction,
strength, and timing of price transmission vary substantially
across countries, sectors, periods, and methods thereby mo-
tivating a careful, baseline-controlled test of PPI’s predictive
content for the United States.

One of the first studies that analyzed the relationship be-
tween producer and consumer prices was “Do Producer Prices
Lead Consumer Prices? !4 by Todd E. Clark, published in the
Economic Review of the Federal Reserve Bank of Kansas City
in 1995. Clark studied whether increases in PPI cause corre-
lating increases in future CPI. Clark used forecasting mod-
els such as vector autoregressions (VAR’s) and focused on the
data between 1958 and early 1995 and found that empirical
evidence shows that the production chain only weakly links
consumer prices to producer prices. In addition, he found that
PPI changes sometimes help predict CPI changes but fail to
do so systematically. Clark’s conclusion has since been cor-
roborated in the peer-reviewed literature. Caporale, Katsimi
and Pittis 1 find unidirectional causality from producer to con-
sumer prices across the G7, Ghazali, Yee and Muhammad '©
report the same direction for Malaysia, and Akcay !’ finds it
in Finland and France but bidirectional causality in Germany
and none in the Netherlands or Sweden thereby reinforcing
Clark’s central point that any lead is real but neither uniform
nor systematic.

Another study that explores inflation prediction using eco-
nomic indicators is “Using economic indicators to create an
empirical model of inflation” by Kasera and Powers 8. This
research study also looks to forecast inflation (using CPI),
through historical economic data. They analyzed correla-
tions between CPI and 50 economic indicators and found
that variables such as average gasoline prices, the U.S. im-
port price index, and five-year market expected inflation dis-
played the strongest relationships with CPI. They found that
a linear regression consisting of the average gasoline price,
average import price, and 5-year treasury inflation protected
securities (TIPS) could predict CPI one month ahead within
0.107 units of the expected CPI. Kasera also found one lim-
itation of the model is its inaccuracy in predicting inflation
during highly chaotic economic times such as the 2008 finan-
cial crisis and COVID. The broader peer-reviewed literature
on indicator-based inflation forecasting reaches a similar con-
clusion - Stock and Watson'? show that although individual
activity indicators can forecast US inflation, their advantage
over simple univariate benchmarks is unstable across periods,
which anticipates the pattern found here.

A related literature applies machine learning to inflation
forecasting. Medeiros et al.?® showed that machine learn-
ing methods with large sets of predictors such as random
forests can improve U.S. inflation forecasts by as much as 30%
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in squared-error terms relative to the standard benchmarks.
Nguyen et al.?! compared regression-based and machine
learning approaches for predicting the U.S. CPI from macro fi-
nancial inputs, and Almosova and Andresen?? found that long
short-term memory (LSTM) recurrent neural networks out-
perform linear autoregressive and random-walk benchmarks
for monthly U.S. inflation, while cautioning that such models
are prone to overfitting on short, persistent macroeconomic
series. These methods improve accuracy at a cost in trans-
parency, which motivates the simple, interpretable regression
design used here.

This paper contributes to the US PPI-CPI relationship in
four specific ways. First, rather than testing in-sample Granger
causality, which is the dominant approach in the country
studied above, this research paper evaluates PPI’s predictive
content out-of-sample, on a strictly chronological 2010-2025
hold-out period, using one of the longest samples in this litera-
ture with U.S. data spanning 1947-2025. Second, it measures
PPI’s incremental value against an autoregressive CPI base-
line, so that the persistence of inflation itself is not mistakenly
credited to PPI, a comparison many prior studies omit. Third,
it does so with a transparent, fully specified linear model
whose lag structure is selected by information criteria com-
puted on the training data alone, and whose forecasts are eval-
uated both at a fixed 2010 origin and by expanding-window
validation in which the model is refit every month. Time-
aware cross-validation is used only to choose the ridge penalty
within the training window and not to evaluate the forecasts
themselves. Together these provide an interpretable comple-
ment to the black-box machine learning approaches surveyed
above. Fourth, the incremental contribution of PPI is assessed
with a formal test of equal predictive accuracy rather than by
comparing error metrics informally.

Methodology and Data Analysis

To evaluate whether lagged changes in the Producer Price In-
dex (PPI) predict changes in the Consumer Price Index (CPI),
I utilized PPI and CPI data from FRED > between 1947 and
2025.

The underlying CPI and PPI index data run from January
1947 to July 2025. Because the analysis uses year-over-year
changes, each observation is a comparison with the same
month one year earlier, so the first year of index data is con-
sumed in constructing the first inflation observation and the
year-over-year series therefore begins in January 1948. Fig-
ure 1 plots the two series in year-over-year terms over the full
sample, together with the point at which the data are split into
training and test periods. After the additional lagged predic-
tors are constructed, the estimation sample begins in Decem-
ber 1948.

First, I used pandas for data analysis and manipulation.

Monthly CPI and PPI data were imported from the CSV
files and placed in one data set using a time index (observa-
tion_date). Pandas were also used to sort observations chrono-
logically, compute year-over-year (YoY) percentage changes
for CPI and PPI, construct lagged variables for PPI (1-12
months) and CPI (1-2 months), and remove missing values
generated by differencing and lagging.

# Load monthly CPI and
cpi_df = pd.read_csv('dat
ppi_df = pd.read_csv('data/ppi.c
joined_df = pd.merge(cpi_df, ppi_df, on='obs
joined_df = joined_df.rename (columns={'CPI
joined_df['observation_date'] =
pd.to_datetime (joined_df['observation_date'])
joined_df = joined_df.sort_values(' tio

, how='inner')
', '"PPIACO': 'ppi'})

(YoY) p

3 _df(['cpi'].pct_change (12) *
joined_df['ppi'].pct_change (12) = 100

Build lagged PPI featur:

# g es (1-11 months) and lagged CPI terms (1-2 months)
for lag in range (1, 12)

joined_df [f'ppi_pct_lag{lag}'] = joined_df['ppi_pct'].shift (lag)
joined_df['cpi_l ] = joined_df[" pct '] .shift (1)
joined_df['cpi_lag2'] = joined_df['cpi_pct'].shift (2)

joined_df = joined_df.dropna ()

Next, I used scikit-learn for regression modeling. RidgeCV
(Ridge Regression with built-in Cross Validation) was used
to estimate the relationship between CPI and lagged infla-
tion variables. Ridge regression is a statistical regulariza-
tion technique. It corrects for overfitting on training data
in machine learning models. Because the data form a time
series, the cross-validation used to select the regularization
strength was performed with scikit-learn’s TimeSeriesSplit
(five-folds), which always validates on periods that come af-
ter the periods used for fitting, so no future information leaks
into model selection. I used ridge regression over ordinary
least squares (OLS) to address multicollinearity (the concept
that when two or more independent variables are highly corre-
lated, it is hard to tell each variable’s individual effect on the
outcome) among lagged inflation indicators.

I split the data chronologically in January 2010, with no
shuffling. Observations through December 2009 formed the
training set with 733 monthly observations, where the year-
over-year transformation and lag construction consume the
first months of data, so training effectively begins in Decem-
ber 1948. Observations from January 2010 through July 2025
formed the test set with 187 monthly observations.

SPLIT_DATE = "2010-01-C
train_mask = joined_df['obs
test_mask = ~train_mask

ervation_date'] < SPLIT_DATE

X = joined_df[['ppi_pct_lagl', 'ppi_pct_lag2', 'cpi_lagl', 'cpi_lag2']]
y = joined_df['cpi_pc
X_train, X test X[train_mask], X[test_mask]

y_train, y_test = y[train_mask], yl[test_mask]

tscv = TimeSeriesSplit (n_splits=5)
alphas = [0.01, 0.1, 1.0, 10.0, 100.0]
model = RidgeCV(alphas=alphas, cv=tscv)
model.fit (X_train, y_train)

A chronological split is essential for evaluating a time-
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CPI and PPI year-over-year inflation, January 1948 - July 2025
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Figure. 1 CPI and PPI year-over-year inflation, January 1948— July 2025. The two series move together over the long run, with PPI visibly

more volatile. The dashed line marks the January 2010 train/test split.

series forecast. A random train/test split would place future
observations in the training data, allowing the model to “see
the future” and overstating its true out-of-sample accuracy.

A single chronological split still estimates the coefficients
once, in January 2010, and then holds them fixed for the fol-
lowing 15.5 years, which is not how a forecast would be pro-
duced in practice. I also evaluated the models by expanding-
window (rolling-origin) validation so that for every month in
the test period the model is refit on all data available up to that
month and then used to predict the next observation. This pro-
duces 187 genuinely recursive one-month-ahead forecasts and
is reported alongside the fixed-origin results.

To isolate the incremental predictive value of PPI, I esti-
mated three separate models on the same training and test sets:

* an autoregressive baseline using only the first two lags of
CPI inflation,

* a model using only the first two lags of PPI inflation, and
* a combined model containing both sets of predictors.

Because YoY CPI inflation is highly persistent, a high R>
for a model that includes lagged CPI terms does not, by itself,
demonstrate that PPI adds predictive value. Comparing the
out-of-sample errors of the combined model against the CPI-
only baseline measures how much forecasting accuracy PPI
adds beyond the information already contained in past CPI
values.

RidgeCV searched for a candidate grid of regularization
strengths a € {0.01,0.1,1,10,100} and selected o = 0.01 for
the main model. Predictors were not standardized prior to fit-
ting, and every predictor is a year-over-year inflation rate mea-
sured in the same units (percentage points) and on a compara-

ble scale. So, the ridge penalty already treats the coefficients
symmetrically. Standardization matters most when predictors
are measured on very different scales, which is not the case
here. The number of PPI lags in the main specification was it-
self chosen by the lag-length comparison reported in Table 1.
On the training set, the Bayesian Information Criterion (BIC)
is minimized at two lags, and two lags also give the lowest
out-of-sample RMSE and MAE. The main model therefore
uses PPI lags of one and two months together with CPI lags of
one and two months. The estimated regression model can be
written as:

CPIt = B0+ BIPPIt— 1+ B2PPlt — 2+ B3CPIt — 1 + B4CPIt — 2 + €t

Where CPI; and PPI; denote YoY % changes in month t and
&, is the error term.

The ridge coefficients fitted on the training data are f0 =
0.072, B1 = 0.090, B2 = —0.076, B3 = 1.240, and B4 =
—0.272.

These are the penalized (ridge) estimates and the unpenal-
ized OLS estimates used for the inference in Table 3 are re-
ported separately there and are almost identical, because the
selected penalty (o = 0.01) is very small.

I also used scikit-learn to calculate the Coefficient of Deter-
mination or R?, which is a statistical measure that represents
how much of the variation of the dependent variable is ex-
plained by an independent variable in a regression model as
shown below:

- SSresiduuls
SStotal

® SSicsiduals — The sum of squares of the residuals (the un-
explained error of the model)

Coefficient of Determination (R*) = 1
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® SSiotal — The total sum of squares

R? ranges from 0 to 1, where 1 indicates a perfect fit of the
model to the data.

In addition to R?, I evaluated forecasting accuracy on the
held-out test set using three standard error metrics - root mean
squared error (RMSE), mean absolute error (MAE), and mean
absolute percentage error (MAPE). RMSE and MAE are ex-
pressed in percentage points of year-over-year CPI inflation.
RMSE penalizes large errors more heavily, while MAE re-
flects the typical size of a prediction error. MAPE expresses
the average error as a percentage of the actual value.

A lower RMSE does not by itself establish that one model
forecasts better than another, because the difference may be
within sampling noise. To test this formally, I used the
Diebold-Mariano test?3, which evaluates the null hypothesis
that two sets of forecasts have equal expected loss. The test
is applied to the baseline and combined models under both
squared-error and absolute-error loss and is reported with the

Harvey-Leybourne-Newbold small-sample correction?*.

y_pred = model.predict (X_test)

r2 r2_score (y_test, y_pred)
rmse = np.sqrt (mean_squared_error (y_test, y_pred))

mae = mean_absolute_error(y_test, y_pred)

mape = np.mean(np.abs((y_test - y_pred) / y_test)) % 100

print (f"R2:
print (f"
print (£"

Next, I used matplotlib to visualize relationships between
variables and to assess model performance. There were two
primary plots generated. The first was the Actual vs. Predicted
CPI scatterplot, which compares predicted CPI YoY inflation
against actual values in the test sample.

A 45-degree line was added for reference to visually as-
sess accuracy and correlation strength. Clusters of data around
this line indicate a strong fit. The second was the Time-Series
Comparison plot, which visualizes actual and predicted CPI
YoY inflation over time for the duration of the test period.
This allows me to inspect model performance across different
economic conditions, including periods that had rapid rates of
inflation/disinflation.

# Actual predicted scatter for the test period
fig, ax = plt.subplots(figsize=(7, 5.5))
ax.scatter (y_test, y_pred, alpha=0.7)
ax.plot ([y_test.min(), y_test.max()],
[y_test.min(), y_test.max()], 'r-—-', lw=2)
ax.set_xlabel ('Ac
ax.set_ylabel ('Predi
ax.grid(True)

ctual vs. predicted o rt
£ig5, ax5 = plt.subplots (figsi
td = joined_df.loc[test_mask
ax5.plot (td, y_test, label=
ax5.plot (td, y_pred, label= YoY &', ls='——"')
ax5.axvspan (pd.Timestamp ('202 )1'), pd.Timestamp('2
color='red', alpha=0.10, label='COV
ax5.legend(); ax5.grid(True, alpha=0.35)

D period')

Results

Model performance for every PPI lag length from 1 to 12
months is summarized in Table 1 below, so that the full set
of specifications tested is visible rather than a selected subset.
Figures 2 through 4 illustrate the fit of the main model and
Figures 5 and 6 present the lag-length analysis. The analysis
illustrates that the combined model explains roughly 97% of
the variation in CPI YoY changes using lagged PPI together
with lagged CPI features. As the baseline comparison below
shows, most of this explanatory power comes from the persis-
tence of inflation itself rather than from PPI alone.

Table 1 Summary of Model Performance on the 2010-2025 Test
Set

PPllags (k) RZ RMSE (pp)  MAE (pp)  AIC___ BIC

1 09711 0.3265 0.2536 6482 6665
2 09725  0.3186 0.2503 6289 6518
3 09717 03232 0.2540 6284 6559
4 09710  0.3268 0.2553 629.6  661.7
5 09711 03267 0.2552 631.6  668.3
6 09710  0.3268 0.2546 6328 6740
7 09707  0.3286 0.2556 6334 6792
8 09710  0.3272 0.2526 630.0 6804
9 09706  0.3292 0.2539 6315 6865
10 09704  0.3303 0.2548 6329 6924
11 09704  0.3302 0.2550 6349  699.0
12 09706  0.3292 0.2549 636.7 7054

Note: The best-performing specification (2 PPI lags) is shown in bold and it
minimizes out-of-sample RMSE and MAE and minimizes BIC on the training
set. AIC and BIC are computed from an unpenalized OLS refit of the same
predictors on the training data, not from the ridge fit. All twelve specifications
are estimated on a common sample so that the rows are directly comparable,
which is why the k = 2 figures differ marginally from the main-model figures
quoted in the text.

The forecast errors on the 2010-2025 test set are small
in absolute terms. For the main two-lag specification, the
RMSE is 0.32 percentage points, and the MAE is 0.25 per-
centage points, implying that the model’s predictions are typ-
ically within about a quarter of a percentage point of actual
year-over-year inflation. The MAPE is high (around 39%) be-
cause year-over-year inflation was close to zero during parts
of the test period (for example, much of 2015), which inflates
percentage-based error measures. RMSE and MAE are there-
fore the more informative measures of accuracy here.

To separate the contribution of PPI from the persistence of
CPI itself, Table 2 compares the three models on the same
2010-2025 test set. The CPI-only autoregressive baseline
Model A already achieves an R? of 0.9711, with an RMSE of
0.3266 percentage points and an MAE of 0.2528 percentage
points. The PPI-only model Model B performs poorly out-of-
sample: its negative R> means it predicts worse than simply
using the test-period mean. Adding the lagged PPI features to
the baseline Model C improves both error measures, reducing
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RMSE by 2.18% in relative terms (from 0.3266 to 0.3195 per-
centage points) and MAE by 0.55% (from 0.2528 to 0.2514
percentage points). The direction of the improvement is there-
fore consistent across both loss functions, but its size is small.

Table 2 Baseline Model Comparison on the 2010-2025 Test Set

Model R? RMSE (pp) MAE (pp)
A: CPI lags only (baseline) 0.9711 0.3266 0.2528
B: PPI lags only —0.5558  2.3953 1.8866
C: Combined (PPI + CPIlags)  0.9723 0.3195 0.2514

Note: Diebold—Mariano tests of Model C against the Model A baseline give
p = 0.53 under squared-error loss and p = 0.86 under absolute-error loss (n
= 187 one-month-ahead forecasts); neither rejects equal predictive accuracy.
Results are unchanged under the Harvey—Leybourne—Newbold small-sample
correction (p = 0.53 and p = 0.86).

_lag
['ppi_pct_lagl', 'ppi_pct_lag2']

cpi_lag_cols
ppi_lag_cols

def fit_and_score(cols, label):
m = RidgeCV(alphas=alphas, cv=TimeSeriesSplit (n_splits=5))
m.fit (X_train[cols], y_train)
p = m.predict (X_test[cols])

: label,
r2_score(y_test, p),

: np.sqrt (mean_squared_error (y_test, p)),
e': mean_absolute_error(y_test, p))}

return {'la

results = [
fit_and_score(cpi_lag_cols, '
fit_and_score (ppi_lag_cols, 'B
fit_and_score (cpi_lag_cols + ppi_lag_cols, 'C:

A Diebold-Mariano test of equal predictive accuracy can-
not reject the null that the two models forecast equally well,
under either squared-error loss (p = 0.53) or absolute-error
loss (p = 0.86). The improvement from adding PPI is not sta-
tistically distinguishable from zero. This comparison shows
that essentially all of the model’s forecasting accuracy comes
from the autocorrelation of inflation itself.

Figure 2 presents the same comparison visually: Models A
and C are nearly indistinguishable, while Model B is far worse
on both measures. The dominance of the autoregressive terms
is consistent with the peer-reviewed evidence on US inflation
persistence, which finds inflation strongly serially correlated
even as the degree of persistence has shifted over time?>2°,

Because the fixed-origin split holds the coefficients con-
stant from 2010 onward, I repeated the comparison using
expanding-window validation, refitting both models every
month on all data available up to that point. The conclu-
sion is unchanged and the baseline achieves an RMSE of
0.3271 percentage points and the combined model 0.3193, and
a Diebold-Mariano test again fails to reject equal predictive
accuracy (p = 0.43 under squared-error loss, p = 0.74 under
absolute-error loss). That the recursive and fixed-origin results
agree so closely indicates that the finding is not an artefact of

estimating the coefficients once in 2010.

Because ridge regression does not produce valid standard
errors or p-values, statistical significance was assessed with
a separate robustness check. The combined model was re-
estimated by ordinary least squares with Newey—West (HAC)
standard errors?7 (six lags), which remain valid under the au-
tocorrelation (i.e. the errors are correlated over time) and het-
eroskedasticity (i.e. the variance of the errors is not constant)
present in monthly inflation data. This regression is estimated
on the training sample only, that is on the 733 monthly ob-
servations from December 1948 to December 2009, so its co-
efficients describe the in-sample relationship over that period
rather than the full 1947-2025 span.

The full set of coefficients, HAC standard errors, z-
statistics, p-values and 95% confidence intervals is reported
in Table 3. Both PPI lags are individually significant in this
specification (first lag 0.0898, p = 0.003; second lag —0.0759,
p =0.022), and the CPI autoregressive terms are highly signif-
icant (p < 0.001). Because a twelve-month overlapping year-
over-year difference can leave autocorrelation out to roughly
eleven lags, I checked that the conclusion does not depend on
the HAC bandwidth and the first PPI lag remains significant at
six, twelve and twenty-four lags (p = 0.003, 0.005 and 0.012
respectively). Note that the coefficients in Table 3 are unpe-
nalized OLS estimates used for inference and are distinct from
the ridge coefficients reported in the Methodology, although at
a =0.01 the two sets are almost identical. In-sample statistical
significance, however, is not the same as out-of-sample fore-
casting value. As the baseline comparison in Table 2 shows,
the accuracy gain from adding PPI is not statistically distin-
guishable from zero. Accordingly, this paper claims only that
PPI carries a detectable in-sample lead and does not claim that
PPI improves out-of-sample forecasts of CPIL.

Table 3 OLS Coefficients with Newey—West (HAC) Standard Er-
rors, Training Sample (December 1948 — December 2009)

Term Coefficient Std. error z p-value 95% CI
Intercept  0.0723 0.028 2.57 0.010 [0.017,0.127]
PPIt—1 0.0898 0.031 2.92 0.003 [0.030, 0.150]
PPIt—2 —0.0759 0.033 -229  0.022 [—0.141, —0.011]
CPIt—1 1.2405 0.052 23.98 <0.001 [1.139, 1.342]
CPIt—2 —0.2722 0.052 —5.28 <0.001 [—0.373, —0.171]

Looking at the Actual vs. Predicted CPI scatterplot (Figure
3), the points are all clustered closely around the 45-degree
line, indicating accurate predictions across the different time
periods. Figure 4 shows the same predictions plotted over
time, which makes the model’s behavior during the 2021—
2022 inflation surge easier to inspect.

Rather than selecting the lag length by visually inspecting
where the correlation between PPI and CPI appears to peak, I
compared models with PPI lag lengths of 1 through 12 months
using out-of-sample error and information criteria computed
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Figure. 2 Test-set forecast error (left) and explained variance (right) for the three models. Adding PPI to the CPI-only baseline barely changes
either measure, while PPI alone performs worse than predicting the test-period mean.
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Figure. 3 Actual versus predicted CPI YoY inflation on the 2010-2025 test set (two-lag main model). Points clustered along the dashed

45-degree line indicate accurate predictions.

on the training set (Figure 5).

Out-of-sample RMSE is flat across all lag lengths, varying
by less than 0.02 percentage points, and the 12-month spec-
ification performs no better than shorter ones (Table 1). The
Bayesian Information Criterion (BIC), computed from an un-
penalized OLS refit on the training data, is clearly minimized
at two lags (651.8, against 655.9 at three lags). The Akaike
Information Criterion is effectively uninformative here and it
varies by less than two units across k = 2, 3 and 8 (628.9,
628.4 and 630.0), a range far too narrow to discriminate be-
tween specifications. Out-of-sample RMSE and MAE both
also reach their minimum at two lags. Every criterion that
discriminates therefore points to a short lag structure of two
months, which is the specification used in the main model.
Figure 6 shows the coefficients of a model containing all 12
PPI lags and the CPI autoregressive terms dominate, and ev-

ery PPI coefficient is close to zero, consistent with the baseline
comparison in Table 2.

# Compare PPI
# out-of-sample error and by AIC/BIC col
for k in range(l, MAX_LAG + 1):

cols = [f'ppi_pct_lag{l}' for 1 in range(l, k + 1)] + cpi_lag_cols

tr_k = df_sweep|['observation_date'] < SPLIT_DATE

Xk, yk = df_sweep[cols], df_sweep['cpi_pct']

lag lengths 1-12 on a c

ample, scoring each by
d on the training set

mk = RidgeCV(alphas=alphas, cv=TimeSeriesSplit (n_splits=5))
mk.fit (Xk([tr_k], yk[tr_k])
pk = mk.predict (Xk[~tr_k])

ols = sm.OLS(yk[tr_k], sm.add_constant (Xk[tr_k])).fit ()

lag_results.append({'k': k,
'rmse':
‘aic':

np.sqrt (mean_squared_error (yk[~tr_k],
ols.aic, 'bic': ols.bic})

pk)),

Finally, to examine how the model performed during the
COVID-19 disruption, the test set was split into pre-COVID
(2010-2019), COVID (2020-2021), and post-COVID (2022—
2025) sub-periods, and the main model’s forecast errors were
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Actual vs. predicted CPI inflation over the test period, 2010-2025
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Figure. 4 Actual and predicted CPI inflation over the test period. The model tracks both the 2015 near-zero-inflation episode and the 2021—

2022 surge, with visible lag at the sharpest turning points.
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Figure. 5 Out-of-sample RMSE (left) and training-set AIC/BIC (right) across PPI lag lengths of 1-12 months. BIC is minimized at 2 lags and

AIC is uninformative.

computed separately as illustrated in Table 4.

(test_dates_all < '20
(test_dates_all >= '2
(test_dates_all < '2022-0

01"y,

'Post-COVID (test_dates_all >= '2022-01-01"),

(2022-2025) ':
}
for name, m in subperiods.items() :

Table 4 Forecast Accuracy by Sub-Period of the Test Set (Main
Model)

Period n R* RMSE (pp) MAE (pp)
Pre-COVID (2010-2019) 120  0.8798  0.2962 0.2312
COVID (2020-2021) 24 09712 03718 0.2884
Post-COVID (2022-2025) 43 0.9764  0.3490 0.2874

Sub-period R? values are not directly comparable across
windows because R?> depends on the variance of inflation
within each window. Pre-COVID inflation was unusually sta-
ble, which lowers R? even though errors were smallest in that
period, so RMSE and MAE are the more informative com-
parison. By those measures, forecast error rose by roughly
26% during 2020-2021 (RMSE 0.372 versus 0.296 percent-
age points pre-COVID) and remained slightly elevated after-
ward (0.349 pp). Figure 7 plots the individual forecast errors
over time and shows that the largest misses cluster in 2020 and
2021 rather than being spread evenly across the test period.

Discussion

The results of this study show a strong historical co-movement
between PPI and CPI. However, the baseline comparison in
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Figure. 6 Ridge coefficients of the combined model with all 12 PPI lags. The CPI autoregressive terms dominate while every PPI coefficient
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Figure. 7 Forecast residuals (actual — predicted) over the test period, with the COVID window shaded. Errors are small and centered on zero
outside 2020-2021, where both the largest positive and negative misses occur.

Table 2 indicates that this does not translate into predictive
gains and the accuracy improvement from adding PPI to a
model that already uses past CPI is not statistically distin-
guishable from zero, under either loss function and under both
fixed-origin and expanding-window evaluation. While these
results are informative, there are some limitations that prohibit
further analysis.

Returning to the hypothesis stated in the introduction, that
PPI is a leading predictor of CPI at a measurable time lag,
the evidence supports it only partially. A leading relationship
is statistically detectable. Both PPI lags are significant under
HAC standard errors (p = 0.003 and p = 0.022) and BIC selects
a short lag structure of two months, which is consistent with
a genuine but brief lead. What the evidence does not support
is the practical strength implied by the original framing. PPI
alone cannot forecast CPI out of sample at all (Model B, R?

= —0.56), and adding PPI to a model that already knows re-
cent CPI produces an improvement of about 2% in RMSE that
a formal test of equal predictive accuracy cannot distinguish
from zero (p = 0.53). A statistically detectable in-sample lead
and a useful out-of-sample forecasting gain are therefore not
the same thing, and this study finds the first without the sec-
ond. The hypothesis is therefore accepted in its weak form,
that PPI leads CPI, and rejected in its strong form, that PPI is
a reliable standalone predictor of CPI.

Identifying anomalies is important to keep in mind when
looking at the price relationship between producers and con-
sumers. Although changes in the relationship between PPI and
CPI maintained a consistent correlation in the long term, there
were several anomalies that were found, the biggest one being
during the COVID-19 pandemic.

Within the COVID-19 pandemic, there were unanticipated
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effects on the relationship between producer and consumer
price levels because of the dramatic shifts within the supply
and demand of goods. Between January and March 2020,
the CPI experienced a decline in market sectors that included
but were not limited to transportation, lodging, and recreation.
This decline was primarily caused by the collapse in consumer
demand from the nationwide lockdown, travel restrictions, and
uncertainty. However, producer prices did not fall propor-
tionally to consumer prices as many firms faced fixed costs.
This anomaly caused a temporary break in the usual relation-
ship between PPI and CPI. My model, which assumes rela-
tively stable patterns, struggled with the anomalies because
consumer prices were more driven by pandemic shocks rather
than producer prices.

As the COVID-19 pandemic continued, a large portion of
the global supply chain was disrupted. In many cases, facto-
ries were closed and labor shortages caused increased product
costs to be incurred by producers. However, producers did not
have the ability to pass on these increased costs to consumers
as consumers remained uncertain regarding how much they
would spend. This created a period where producer prices rose
without a corresponding increase in consumer prices. This
observation was consistent with the findings from Kasera and
Powers '8. LaBelle and Santacreu?® quantify this channel di-
rectly, finding that exposure to global supply chain disruption
was a significant driver of cross-industry US producer price
inflation through 2021.

The COVID-19 pandemic presented unique challenges to
the BLS in compiling the CPI. During Spring 2020, in-person
data collection ceased almost overnight at brick-and-mortar
stores and switched to online collection, increasing the rate
of survey nonresponse and missing data in the CPI surveys.
The April 2025 Article in the BLS’ Monthly Labor Review:
Impacts of COVID-19 on collection and missing data in the
CPI? mentions that to monitor the impacts of these issues
on the CPI, BLS developed and began releasing new metrics
each month. These new metrics show that the data collection
disruptions caused by the COVID-19 pandemic were substan-
tial, but in many cases the new metrics have returned to their
pre-pandemic levels.

When the economy recovered in 2021 and 2022, the lag
finally closed. Built up demand and a rapid proliferation in
travel and consumer spending attributed to CPI’s sharp surge
in 2022. Rather than reflecting a new inflation shock, this
surge in consumer prices simply represented a delayed dis-
play of producer-level price increases that had begun earlier in
the pandemic. This episode illustrates that the co-movement
between the two series re-emerges once a disruption passes,
although the sub-period results below show that the model’s
accuracy was measurably worse while the disruption was un-
der way.

The sub-period analysis in Table 4 quantifies this narrative

and the model’s RMSE rises from 0.296 percentage points in
the pre-COVID test years to 0.372 percentage points during
2020-2021, a roughly 26% increase in forecast error, before
partially recovering after 2022. The disruption is therefore real
but moderate in magnitude and even at its worst, the model’s
typical error remained under half a percentage point.

Next, the data used in this study was limited to a monthly
frequency, which limited my ability to analyze short term price
shocks. Price and supply changes are dynamic on a day to day
and week by week basis. Access to data sets which look at
these more specific timetables, such as daily gasoline prices or
weekly shipping rates, would allow more accurate estimates of
the lagged predictions between PPI and CPI.

Another limitation of the study is the use of an aggregated
measure of PPI and CPI. When examining price inflation on a
broad basis, aggregate measures provide insight into patterns
relating to price inflation and consumer pricing. However, on
an individual basis, they do not provide an accurate represen-
tation of how price transmission occurs across individual mar-
kets. It does this primarily because the way in which price
transmission occurs differs from industry to industry based on
the interactions of supply chain factors within those industries,
which results in producer price increases being transmitted to
consumers at different rates by different industries.

For example, the transportation industry may experience a
different response to higher fuel prices, shipping rates, and
overhead costs, along with the timing of changes associated
with those costs, as compared to other industries, including
the timing of changes in overall economic conditions and the
price of goods and services. Examining specific sectors will
yield considerably more information on price transmission
than looking at average measurements across industries. Do-
ing so will enable a more precise determination of the amount
of time it takes for price change shifts from producers to con-
sumers in any given sector as compared to the average across
all sectors.

This study deliberately uses only lagged PPI and lagged
CPI as predictors and the exclusion of other known inflation
drivers is a scope decision rather than an oversight. Exchange
rate movements pass through to consumer prices with dynam-
ics that differ substantially across countries and periods, mon-
etary policy and commodity or supply-chain shocks operate
through channels distinct from the producer-cost channel stud-
ied here3%3! and household inflation expectations have been
shown to shift the inflation process itself32. Adding these vari-
ables would turn the design into a general inflation-forecasting
exercise such as that presented in the existing data-rich ma-
chine learning literature>° and would make it harder to isolate
the specific question this paper asks, how much predictive in-
formation PPI adds beyond inflation’s own history. Extend-
ing the baseline comparison of Table 2 to these additional
predictor blocks is a natural next step. Peer-reviewed evi-
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dence supports treating each of these as a distinct channel.
Campa and Goldberg>?® document incomplete and country-
varying exchange rate pass-through into import prices, and
Ascari, Bonam and Smadu3* find that global supply-chain
pressure shocks have a persistent, hump-shaped effect on in-
flation that operates separately from the producer-cost channel
studied here.

My study focuses on data prior to 2025; however, I note
that in 2025, consumer prices rose slowly despite economists'
warnings that the current administration’s wide-ranging tariff
agenda would increase costs for both U.S. businesses and con-
sumers. That is partly because some importers took steps to
offset the impact by preordering inventory and absorbing some
tariffs to shield consumers in the short term. But because there
were stop-gap measures, economists have warned consumers
are unlikely to be insulated from tariff-driven inflation indef-
initely. The latest PPI data underscores that higher prices are
rippling through the economy, experts say.

Hacioglu-Hoke et al.>> note in their FEDS Notes that price
pressures developed gradually in 2025 rather than showing up
as a one-time spike and tariff effects have been greatest for
goods imported from China with 8.5% year-over-year price
increase by December 2025, and tariff pass-through to con-
sumers between April and December 2025 has been at least
30% for goods imported from China. This gradual pattern is
consistent with the peer-reviewed evidence from the 2018 tar-
iff episode, in which Amiti, Redding and Weinstein® found
near-complete pass-through of tariffs into US domestic prices,
with the incidence falling on domestic importers and con-
sumers. Minton and Somale>’ reach a consistent conclusion
using a real-time detection method, finding that the 2025 tar-
iffs passed through partially to consumer goods prices within
months of implementation.

Future Work and Ideas for Improvements

Future work on this topic could include evaluating my hypoth-
esis to see if it applies universally and not just in the U.S.
(i.e. comparing performance across the Americas, Europe,
and China to see if PPI leads CPI over there).

Additional future work could include studying specific limi-
tations of the linear ridge model used here. Regime-switching
or time-varying-parameter models would allow the PPI-CPI
relationship to change during disruptions such as COVID-19,
which Table 4 shows is exactly when the model’s errors are
largest. Recurrent neural networks such as LSTMs can cap-
ture nonlinear dynamics that a linear specification cannot??,
and tree-based ensembles such as random forests handle much
larger predictor sets and have delivered the largest documented
gains in the U.S. inflation forecasting?’. Though both ap-
proaches trade away the interpretability that motivated the
present design. Applying the same baseline-controlled evalu-

ation to sector-level price indices and to other countries would
also test whether PPI’s weak incremental signal at the aggre-
gate level masks stronger pass-through in specific industries
or economies.

As mentioned in the BLS methodology report3®, there are
key technical differences in how the CPI and the PPI indices
are calculated by the BLS. CPI implements a geometric mean
formula whereas PPI does not. Geometric calculation reduces
substitution bias, leading to lower measures of inflation in pe-
riods of price increases. The PPI attempts to collect prices
for a specific day of the month (the Tuesday of the week con-
taining the 13th), while the CPI collects prices throughout the
month. Finally, prices measured by the CPI include sales and
excise taxes, while prices measured by the PPI exclude those
taxes. Future improvement in the analyses presented in this
paper could include studying these technical differences and
incorporating them into the regression models.

Conclusion

This study finds that CPI YoY inflation can be forecast ac-
curately one month ahead, but that most of this accuracy
comes from the persistence of inflation itself rather than from
producer prices. Adding lagged PPI to a CPI-only autore-
gressive baseline reduces out-of-sample RMSE by about 2%,
an improvement that a Diebold—Mariano test cannot distin-
guish from zero (p = 0.53 under squared-error loss, p = 0.86
under absolute-error loss), with the same conclusion under
expanding-window validation. Thus, although the PPI and
CPI exhibit strong historical co-movement, this study does not
find statistically significant evidence that PPI improves out-of-
sample CPI forecasts once the information contained in past
CPI is accounted for.

During the COVID-19 disruption of 2020-2021, the
model's RMSE increased from 0.296 percentage points in the
pre-COVID period to 0.372 percentage points, an increase of
approximately 26%. Forecast errors remained somewhat el-
evated after 2022. These results indicate that the historical
relationships captured by the model became less reliable dur-
ing the pandemic. While shifts in consumer demand, supply-
chain disruptions, labor shortages, and other pandemic-related
shocks offer possible explanations for this instability, the re-
gression design used here does not identify the causal contri-
bution of these individual factors.

The study also highlights several limitations. The use of
monthly data restricts the ability to capture short-term price
dynamics, while reliance on aggregate PPI and CPI measures
obscures important sectoral differences in price transmission.
Industry-specific factors, such as cost structures and supply
chain dynamics, can strongly influence both the timing and
magnitude of price pass-through, suggesting that disaggre-
gated analysis would yield more precise insights.
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Overall, the findings demonstrate that strong historical co-

movement between PPl and CPI does not necessarily trans-
late into meaningful out-of-sample forecasting gains. Lagged
PPI contains statistically detectable information about CPI in-
flation in-sample, but once inflation's own persistence is ac-
counted for, its incremental improvement in out-of-sample
forecast accuracy is small and not statistically distinguishable
from zero. These results suggest that aggregate PPI should be
viewed as a limited supplementary indicator of CPI inflation
rather than a reliable standalone predictor.
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