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Introduction

Inflation expectations are key components in canonical 
macroeconomic models. They play an important role in prices 
and output formation, influencing firm and consumer decisions. 
In recent years, policymakers have focused on measuring and 
eventually influencing inflation expectations to stabilize output 
and prices and to provide additional stimulus to an economy 
when there are constraints to conventional monetary and fiscal 
tools (Coibion et al., 2020a). In recent months, inflation has 
received significant attention as inflationary pressures have been 
more persistent than initially believed. This attention on the price 
dynamics has led to a natural adjustment of  consumers’ inflation 
expectations and has been reflected in recent survey evidence.

While inflation expectations are consistently measured in surveys, 
factors that drive differences in expectations across consumers 
and different subgroups remain poorly understood. In this 
Economic Commentary, we focus on understanding differences in the 
implicit weights assigned to specific price changes by consumers 
and professional forecasters when determining their inflation 
expectations. The fact that typical consumers may prioritize 
different basket components relative to those prioritized by 
professional forecasters generates a rift in inflation expectations 

between the two groups. Understanding the prevalence and 
magnitudes of  these wedges can help inform policies that aim to 
anchor consumers’ expectations more generally. 

Our analysis is predicated on using standard model selection 
techniques to understand what basket components consumers 
and professional forecasters prioritize in forming expectations. 
The implicit priority weights these two groups place on 
different baskets of  goods shed light onto what factors drive 
wedges between their inflation expectations. We then assess 
the differences in the relationship between well-established 
consumer price index (CPI) weights and our estimated group 
priority weights. We use a similar approach to Berge (2018), but 
we focus on only prices to obtain implicit weights for consumers 
and professional forecasters. We find striking differences between 
the factors that the two groups prioritize. While professional 
forecasters’ expectations appear to weight different categories of  
prices approximately in line with the weights of  those categories 
in the CPI, consumers seem to look to specific prices related to 
food and vehicles, among others. These differences generate 
sharp wedges between consumer and professional forecaster 
expectations. 
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These results have important implications. One interpretation 
of  our findings is that consumers pay significant attention to a 
subset of  items rather than weighting them in line with their 
spending, the latter method being more consistent with the 
weights in the CPI. This discrepancy is highly relevant today 
as the onset of  the COVID-19 pandemic induced idiosyncratic 
increases in price levels for different goods, generating potential 
rifts in how consumers adjusted their inflation expectations 
relative to how professional forecasters adjusted theirs. For 
example, at the beginning of  the pandemic, we saw abnormal 
increases in food prices and car prices. Our findings suggest that 
these increases disproportionally affected consumers’ inflation 
expectations while slightly affecting professional forecasters’ 
measures. Recent empirical evidence shows that consumers’ 
inflation expectations affect their economic decisions, so changes 
in those expectations have the potential to affect aggregate 
economic variables such as consumption. Our findings show that 
consumers may pay disproportional attention to some prices; if  
so, then communication about the nature of  those specific price 
changes can potentially help to avoid systematic increases in 
inflation expectations that might result in systematically higher 
inflation outcomes.

Methodology

Despite the policy importance of  inflation expectations, there is no 
consensus on the best measure of  inflation expectations or on their 
relevance. There are generally two groups of  inflation expectation 
measures. One relies on professional forecasters, who are asked 
to predict inflation at various horizons. Professional forecast 
expectations, made by attentive and informed agents, are typically 
close to actual inflation. This makes these inflation expectations 
very useful for forecasting purposes (Verbrugge and Zaman, 2021). 
The second is to ask consumers or firm managers about their 
inflation expectations.1 These measures are generally higher than 
the actual inflation value, and there is a high level of  disagreement 
among respondents (Afrouzi et al., 2015; Binder, 2017; Candia 
et al., 2021); thus, they don’t predict inflation well, especially in 
countries with low and stable inflation. Nevertheless, there is 
mounting evidence demonstrating that consumer- and firm-level 
expectations rationalize macroeconomic data, indicating they are 
meaningful to understanding microeconomic decisions (Coibion 
and Gorodnichenko, 2015; Binder, 2015). In addition, there 
is causal evidence showing that firm-level decisions are indeed 
influenced by their inflation expectations (Coibion et al., 2018, and 
Coibion et al., 2020b).

While there is evidence of  the importance of  inflation 
expectations, few studies seek to understand what determines 
inflation expectations. Berge (2018) is one notable exception in 
looking at different variables that predict inflation expectations. 
Other papers have focused on specific prices that consumers see 
when setting their inflation expectations (Cavallo et al., 2017; 
Coibion and Gorodnichenko, 2015; Wong, 2015). We focus on 
examining the prices that could influence inflation expectations. 
Our methodology is used to measure whether current price 
changes in certain goods affect consumer predictions of  inflation. 
For example, let us assume that consumers purchase only food 
and pay rent. Then, when forming expectations, consumers would 

likely put some weight on the price changes that they see from 
these components.2 If  food prices increase by 5 percent and rent 
increases by zero percent over one year, consumers might use that 
information to form expectations. This is relevant because in this 
scenario inflation is a weighted average of  these two components, 
depending on how much consumers spend on these goods on 
average. Generally speaking, if  half  of  one’s average spending goes 
to food and the other half  goes to rent, inflation in this example 
would be 2.5 percent. But if  consumers pay more attention to 
food prices, then their expectations could be higher as they project 
a higher inflation from the current level of  food inflation. We 
test if  this is the case, allowing the possibility that none of  these 
components in the example are relevant. 

It is straightforward to estimate implicit weights in the case 
with two components. In practice, however, many factors 
enter consumers’ inflation expectations, making calculating 
inflation expectations a higher-dimensional problem with many 
components that change similarly. For example, the price index 
of  fruits and vegetables could have a similar trajectory compared 
with the indices of  other foods such as cereals and bakery 
products. Although inflation expectations may depend on many 
different components, consumers are likely to form expectations 
using a relatively sparse list of  components, those most salient to 
their day-to-day expenditures (D’Acunto et al., 2021). Therefore, 
our empirical goal is twofold: First, we aim to identify one set of  
components that is most predictive of  expectations for consumers 
and one for professional forecasters; and, second, we aim to 
estimate the relative importance of  those components to each of  
these groups. 

In the parlance of  the statistics literature, our problem amounts 
to variable selection, or the problem of  selecting among similar 
components. While consumers may be considering a multitude 
of  potentially similar components when forming inflation 
expectations, there is a subset that optimizes predictive power. 
To this end, we use the popular statistical procedure known 
as “least absolute shrinkage and selection operator” (LASSO) 
to determine our statistical model for explaining inflation 
expectations. 

LASSO selects the most important components, discarding the 
components that add less to the forecast. With this technique, the 
model can select the most predictive components among many 
that might move similarly.3

Data

We use three sources of  data. First, we use the University of  
Michigan Survey of  Consumer Expectations (MSC) to obtain 
consumers’ inflation expectations. The University of  Michigan 
has released a monthly survey of  consumers’ expectations since 
1978. We make use of  its quarterly data through 2020:Q2 over 
various demographic groups: age, geographic region, gender, 
income, and education level. We use its question that asks 
consumers what percent they expect prices to change during the 
next year. The second is the Survey of  Professional Forecasters 
(SPF), which is a quarterly survey going back to 1968. For this 
Commentary, we consider the forecast for CPI inflation over 
the next year (that is, the next four quarters) using the median 
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expectations for each group. Finally, the Bureau of  Labor 
Statistics (BLS) releases measures of  CPI inflation for categories 
at various levels of  aggregation. For our purposes, we consider 
20 different categories and the combined measure for all items.4 
These categories do not overlap, meaning that no category is 
contained in another used in this exercise. The categories are 
consistent across the sample and represent most of  the CPI. 
This setup allows us to interpret the regression coefficients in 
our exercise as implicit weights that consumers or professional 
forecasters place on the different components. We download 
the monthly levels across the sample period and calculate the 
12-month percent change, using the final month of  the quarter 
in the analysis. All categories are available for the entire sample.

Results 

We run LASSO over three different timeframes on consumers, 
professionals, and the CPI itself  using the simple specification 
below.

yt=α+β1*Apparelt+...+β20Public Transportationt+εt

In the specification, the dependent variable is median consumer 
inflation expectations, median professional forecasters’ inflation 
expectations, or the CPI for all items in quarter t. The time 
frames are the entire sample (1978–2020:Q2), after 1989, 
and after 1999. Furthermore, we split up consumers into five 
different demographic categories based on gender, geographic 
region, income, age, and education level. Then, we run LASSO 

on the different consumer demographic categories across the 
three different timeframes. Each time LASSO is run, it outputs 
coefficients for each of  the 20 CPI categories of  interest.5 The 
larger the relative size of  a coefficient, the more impact it has 
on the dependent variable: consumer inflation expectations, 
professional forecaster inflation expectations, and the CPI itself. 

We start by showing how the coefficients of  LASSO correlate 
with the actual CPI weights. We use the actual CPI weights from 
20006 as a midpoint, and we run LASSO for the whole sample, 
from 1990:Q1–2020:Q2, and from 2000:Q1–2020:Q2. Figure 1 
plots the coefficient for each component found in this exercise and 
compares it with its actual weight in the CPI.

The scatter plots in Figure 1 plot the CPI weights of  the 20 
categories in the analysis on the y-axis and the coefficients from 
the LASSO analysis on the x-axis. The dotted and dashed lines 
are linear fits of  the data for each respective group. The solid line 
is the 45-degree line, which is where the data points should be if  
their LASSO coefficients are exactly equal to their CPI weights. 
We can see a high correlation between the LASSO estimates for 
the CPI and the actual weights for the CPI, one which validates 
our exercise. We also see a high correlation between the SPF and 
the LASSO CPI lines in all the samples. This similarity is showing 
that professional forecasters seem to anticipate that changes in 
prices will be similar to current changes in price components and 
are weighting them in a similar way as the weights in the CPI. In 
the case of  consumers, we see a very low correlation, one that has 
become flatter over time. 

Notes: Each plot compares the CPI weights to the LASSO coefficients for 
the 20 CPI categories in the three different sample periods. The scatterplot 
is differentiated by shape of point. We then plot the lines of best fit for the 
LASSO coefficients for consumers, professional forecasters, and the CPI 
and for the 45-degree line, differentiated by type of line.

Sources: University of Michigan, Survey Research Center, Surveys 
of Consumers; Survey of Professional Forecasters; Bureau of Labor 
Statistics; and authors’ calculations

Figure 1: CPI versus LASSO Weights
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the CPI. We do this using the entirety of  the sample (1978 through 
2020:Q2), after 1989, and after 1999. Professional forecaster 
coefficients are strongly correlated with both, meaning the 
weights given to categories that are important for the professional 
forecasters are similar to the CPI LASSO results and the actual 
CPI weights. The correlation between the professional forecasters’ 
coefficients and both the CPI weights and the LASSO CPI has 
increased as we restrict the sample, telling us that as time has gone 
on and as inflation became generally more stable, the expectations 
of  professional forecasters have been influenced largely in line with 
the factors affecting the CPI. Consumer weights are by far the 
least correlated with the CPI weights. The results for consumers 
have also become less correlated with both the CPI weights and 
the CPI LASSO results as we restrict the sample, indicating that 
as time has gone on, the items that have been most important for 
explaining variation in consumers’ inflation expectations have 
tended to diverge from the items driving movements in the CPI. 
This finding may help to explain why some studies have found that 
consumers are less likely to accurately predict inflation in the short 
run. It is important to highlight that both professional forecasters 
and consumers are asked to predict future inflation, not current 
inflation. Current prices can influence these expectations because 
they project a persistent change for these prices. To see what 
components are most important for each measure, we rank the top 
four categories in Table 2.

Looking at the results for consumers, food away from home is 
the most important category across the sample. This fact suggests 
consumers’ inflation expectations are most affected by how the 
price of  food away from home is moving. Professional forecasters’ 
results show that shelter and household furnishings are the top two 
indicative categories throughout the entire sample. Finally, for the 
CPI itself, shelter and household furnishings are consistently in the 
top four. While shelter shows up as the fourth-highest weighted 
for consumers in the entire sample, it only has a magnitude of  
8.49 percent, whereas it is 15.2 percent for professional forecasters 

Table 1 shows the correlation between the 20 coefficients of  
the CPI categories from the LASSO results for consumers, 
professional forecasters, and the CPI in each column and the 
actual CPI weights. We run LASSO over the CPI as a way 
to validate our methodology. The weights used for the actual 
CPI are fixed as the December 2000 weights but are generally 
stable, making the midpoint of  our entire sample a reasonable 
selection. We get a high correlation between the LASSO estimates 
and the actual weights used for the construction of  the CPI, a 
circumstance which means that our regression approach can 
obtain weights for the CPI that are close to the actual weights even 
if  we are allowing for some categories to drop out of  the model. 

Table 1. Correlations Across Sample Periods

Consumers
Professional 
forecasters CPI

All Sample
CPI Weights 0.274 0.6087 0.917
LASSO CPI 0.165 0.616 —
After 1989
CPI Weights 0.085 0.768 0.939
LASSO CPI -0.077 0.858 —
After 1999
CPI Weights -0.037 0.934 0.819
LASSO CPI -0.134 0.766 —

Notes: The first two columns show the correlation between the LASSO 
results for consumers and professional forecasters with the CPI weights 
in 2000 and the LASSO CPI results. The third column is the correlation 
between the LASSO CPI results and the CPI weights in December 2000. 
Reported correlations have not been adjusted for estimation error. 

Table 1 also shows the correlation between the LASSO results for 
consumers and professional forecasters and the LASSO results for 

Table 2. Ranking Categories Across Sample Periods

Consumers Professionals CPI
All Sample
Rank 1 Food away from home (0.35) Shelter (0.15) Shelter (0.31)
Rank 2 New vehicles (0.12) Household furnishings (0.12) Household furnishings (0.11)
Rank 3 Auto maintenance (0.09) Other goods and services (0.10) Auto maintenance (0.08)
Rank 4 Shelter (0.08) New vehicles (0.08) New vehicles (0.07)
After 1989
Rank 1 Food away from home (0.28) Shelter (0.25) Shelter (0.34)
Rank 2 Cereals and bakery (0.11) Household furnishings (0.08) Medical care services (0.11)
Rank 3 New vehicles (0.07) New vehicles (0.08) New vehicles (0.09)
Rank 4 Apparel (0.06) Medical care services (0.05) Household furnishings (0.08)
After 1999
Rank 1 Food away from home (0.23) Shelter (0.19) Shelter (0.33)
Rank 2 Cereals and bakery (0.08) Household furnishings (0.04) Medical care services (0.10)
Rank 3 Apparel (0.05) Public transportation (0.02) Household furnishings (0.07)
Rank 4 Fruits and vegetables (0.03) Fuels and utilities (0.01) Fuels and utilities (0.05)

 
Notes: Each column contains the top four results of LASSO for consumers, professionals, and CPI across the three time periods. The coefficients obtained 
with LASSO are in parentheses. 
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Figure 2 plots the LASSO results for some of  the top CPI 
categories for various demographic groups from the MSC using 
the entire sample. The higher the value of  the LASSO coefficient, 
the more the category was deemed important by LASSO. Food 
away from home is the top category across all demographics. 
Auto maintenance is the second highest category for high school 
graduates and people with some college experience and for the 
second income quartile, and it is a close third for the third income 
quartile. Education follows a similar pattern to income, and that 
makes sense given their strong correlation.

Figure 2 also shows us that for practically every demographic, 
there is one category that dominates the LASSO results, food away 
from home. New vehicles, shelter, and auto maintenance are also 
relatively consistently close behind, but the coefficients begin to fall 
very close to zero after that.

We believe this exercise provides useful insights into some of  the 
factors driving inflation expectations. If  inflation expectations are 
mostly impacted by the price fluctuations in a few categories of  
goods, we can use those measures to understand where consumers’ 
expectations might be going. One of  these measures, new vehicles, 
has especially increased during the COVID-19 pandemic, mostly 
because of  the microchip shortage.7 This category’s being the 
second most important for almost all demographics could explain 
why consumer inflation expectations have increased for one-year-
ahead inflation but not as much for three-year-ahead inflation.8

and 31.0 percent for the CPI. These variances are what lead to 
the drastic differences in the correlations seen in Table 1. The top 
four categories do change over time for all three; for example, new 
vehicles slowly drops out of  the top four in the consumer column 
as we restrict the sample period to the more recent period. For the 
CPI, medical care services has increased in relevance. 

These tables help us understand the CPI categories that best 
predict current expectations of  short-term inflation. On the one 
hand, the results could imply that consumers are more attentive 
to prices of  certain items or services. For example, even though 
consumers’ average expenditure share on housing is roughly 
one-third, they face new prices in this category far less often than 
they face price changes at restaurants they visit frequently. In the 
same vein, individual consumers rarely purchase a new vehicle 
compared with the frequency of  regular expenditures on other 
consumption goods, but they still seem to place substantial weight 
on new vehicles’ prices. This latter observation points to systematic 
differences in both consumers’ perceptions of  relevant goods 
and the markets of  goods in which they frequently participate. 
Regardless of  the explanation that drives these differences, the 
results can inform policymakers regarding how to communicate 
with consumers to nudge their inflation expectations to better fit 
what is happening. They can directly address changes in prices 
of  food away from home, new vehicles, apparel, and shelter to 
assuage any worries. 

Notes: Each chart plots six of the most common LASSO results for 
consumers across the five demographic groups using the entire sample.

Source: Authors’ calculations

Figure 2: LASSO Results by Demographics (Whole Sample)
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Predictions

To test our model’s ability to predict inflation expectations, we 
look at the results from the 2000:Q1–2020:Q2 period. Using 
these LASSO results for consumers and professional forecasters 
and the actual values of  these CPI categories going back to 
2010:Q1, we can calculate the inflation expectations based on 
the LASSO model. We then compare these predicted inflation 
expectations to the actual inflation expectations during this time. 
Using the actual CPI category inflation rates through 2021:Q3, 
beyond the modeling period, we use our LASSO regression 
coefficients to predict how inflation expectations would have 
evolved if  the relationships prior to the COVID-19 pandemic 
had remained constant. The plots of  the model predictions 
from 2010:Q1–2021:Q3, actual survey results, and actual CPI 
inflation can be seen below in Figure 3.

The LASSO predictions for both consumers and professional 
forecasters are close to actual inflation expectations throughout 
the modeling period. The model also does a fairly good job at 
forecasting how inflation expectations evolved after the start of  
the pandemic based on the movements in the various inflation 
components, tending to underpredict inflation expectations for 
consumers and slightly overpredict for professional forecasters, 
with the biggest misses coming from underpredicting 
consumers’ inflation expectations in late 2021. This large 
discrepancy may be due to unforeseen shocks that change the 
implicit weights consumers place on various goods. An example 
of  an unforeseen shock is the large amount of  news coverage on 
inflation. This phenomenon is less likely to impact professional 
forecasters because they focus less on media coverage and more 
on data, and, as such, we see more stable predictive patterns for 
professional forecasters during the pandemic. 

Conclusion

We provide evidence that consumers and professional 
forecasters have historically appeared to place different weights 
on different inflation components. Consumers’ inflation 
expectations have tended to move with inflation rates in food, 
apparel, and new vehicles, items that may be particularly 
salient to most household budgets. By contrast, the inflation 
expectations of  professional forecasters have tended to move 
with inflation in shelter and household furnishings, categories 
that have tended also to be relatively more important in the CPI. 
We see that during the pandemic, our LASSO results, which 
were limited to a small list of  salient inflation components, were 
able to pick up some of  the increase in consumers’ expectations.

These results can have important implications today. At the 
beginning of  the COVID-19 pandemic, while inflation was 
low, we saw an increase in inflation expectations. This could be 
a result of  food prices that were growing at a faster rate than 
other prices because of  supply chain restrictions. Later, we 
saw increases in car prices and other components that pushed 
inflation upward. Consumers seem to place a lot of  weight on 
these goods when forming their expectations. 

The difference in weights may have relevant policy implications. 
While professional forecasters may be little fazed by large 
increases in some components of  inflation, consumers might 
be highly weighting these categories and raising their inflation 
expectations, thereby affecting their economic decisions and 
thus future inflation. Communicating with the public about why 
prices are changing in certain key sectors may help avoid any 
long-lasting changes in consumers’ inflation expectations. 

Notes: The LASSO predictions for each chart use the 20 CPI categories from the period 2000:Q1–2020:Q2. The vertical red line is at 2020:Q2 to designate 
when the modeling period ends. The blue line is the actual CPI, the orange solid line the actual expectations for consumers (left panel) or professional 
forecasters (right). The dashed line is the value predicted by LASSO.

Source: Bureau of Labor Statistics and authors’ calculations

Figure 3: LASSO Prediction Results

6

5

4

3

2

1

0

6

5

4

3

2

1

0

Consumer Model Prediction Professional Forecasters Model Prediction

2010	 2013	 2016	 2019	 2022 2010	 2013	 2016	 2019	 2022

Percent Percent

CPI	 Actual	 LASSO prediction



7

Endnotes
1.	For example, see a new measure of  indirect consumer inflation 

expectations in Hajdini et al. (2022).

2.	Coibion et al. (2022) find that consumers update their inflation 
expectations after having information on past inflation.

3.	LASSO balances the bias-variance tradeoff problem inherent 
in most statistical models by penalizing component weights that 
do not add much predictive power to a model, effectively setting 
many implicit weights to zero. As mentioned earlier, this sparsity 
assumption is plausible as consumers likely form expectations using 
price changes among their most salient components. 

4.	The categories we consider are apparel; cereals and bakery; 
meat, poultry, fish, and eggs; fruits and vegetables; nonalcoholic 
beverages and beverage materials; other food at home; alcoholic 
beverages; other goods and services; shelter; fuels and utilities; 
household furnishings and operations; medical care commodities; 
medical care services; dairy and related products; food away from 
home; new vehicles; motor fuel; motor vehicle maintenance and 
repair; motor vehicle insurance; and public transport.

5.	With this approach, we can get some negative weights, a situation 
which means that the residualized correlation between inflation 
expectations and price changes is negative. There could be many 
reasons to explain a negative value, especially considering that we 
are using realized prices. For simplicity, in this Commentary we use 
these weights, but further investigation could be done in order to 
consider the adequate weights and potential restrictions under 
more specific structural assumptions.

6.	We selected December 2000, but the weights are very stable over 
the sample. After 2000, some new goods were added. CPI weights 
can be found here: https://www.bls.gov/cpi/tables/relative-
importance/home.htm. 

7.	See Krolikowski and Naggert (2021) and Boudette (2021).

8.	https://www.newyorkfed.org/microeconomics/sce#/
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