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Measuring Inflation in Official Statistics
• U.S. system of official economic statistics developed in the mid-20th

Century
• Production spread across Census, BLS, and BEA
• Separate measurement of sales, prices, and output across agencies with different 

frames
• Consumer Price Index

• Outlets chosen using spending from Consumer Expenditure survey. 
• Individual items is randomly selected from sub-groups ranked by sales

• Based on information collected by the enumerator from the store manager.  
• Repeated visits to store by enumerator to track price changes

• Attempt to match model in the presence of turnover.
• CPI weights for categories from CEX updated every two years
• About 7 percent of goods in CPI have hedonic adjusted prices

• Committee on National Statistics (2022):
• “BLS should embark on a broad-based strategy of accelerating and significantly 

enhancing the use of transactions data and other alternative data sources in CPI 
compilation.”
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Transactions data discussed in this presentation

• NPD (general merchandise stores, including online)  
• Monthly prices and quantities at store-item level 
• High-quality attributes at item level from value-added by NPD 
• Started with 5 product groups.  Now have scaled to 500 groups covering Apparel and 

Consumer Electronics
• Collaborative Project with Census (building on project using NPD data to improve 

Retail Statistics) 
• Working behind Census firewall with Census DRB approving output

• Nielsen (Kilts Center: grocery, discount, convenience, drug and liquor store 
items for food and nonfood)

• Weekly prices and quantities at store-item level
• Using machine learning methods to extract information from limited product 

attribute data
• Access through University of Maryland and Michigan contracts with Kilts
• Kilts Center reviews papers/presentations
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Digitized Prices and Quantities Reveal:  Enormous Product 
Turnover
• High product (item-level) entry and exit rates
• Some turnover is substantive, some is marketing/packaging
• Traditional price indices ignore this turnover
• Hedonics using attributes data or demand based indices that take into 

account product turnover can account for quality improvement
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Two Approaches to Quality Adjustment

• Hedonics (generalization of Erickson and Pakes 2011)
• Account for time-varying unobservables with two-step approach:

Log levels: �ln𝑝𝑝𝑘𝑘𝑘𝑘 = ℎ𝑘𝑘 𝑍𝑍𝑘𝑘
�̂�𝜂𝑘𝑘𝑘𝑘 = ln𝑝𝑝𝑘𝑘𝑘𝑘 ‒ �ln 𝑝𝑝𝑘𝑘𝑘𝑘

Log differences: �Δln 𝑝𝑝𝑘𝑘𝑘𝑘 = 𝑔𝑔𝑘𝑘 𝑍𝑍𝑘𝑘 , �̂�𝜂𝑘𝑘𝑘𝑘−1
• Full imputation
• Time-varying prediction functions
• Predict growth rate of prices

• Demand-based Methods
• Sato-Vartia Index (1976): exact price index for CES preferences 
• Feenstra (1994): generalizes Sato-Vartia to account for product entry and exit
• CUPI (Redding and Weinstein 2020): generalizes Feenstra to account for time-varying 

product appeal
• Feenstra and CUPI require estimating elasticities of substitution across products
• CUPI in particular imposes strong assumptions
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Key Takeaways:
1. Tornqvist

generally <
Laspeyres

2. Quality-adjusted 
inflation < 
traditional

3. Feenstra and 
Hedonic 
adjustments for 
turnover broadly 
similar

4. CUPI is an 
outlier for some 
product groups, 
even with 
common goods 
rule adjustment
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Nielsen/Kilts data has marketing text descriptions, 
not well-coded attributes

Soft drinks examples:
‘brand’ ZR DT LN/LM CF NBP CT

‘brand’ NATURAL R CL NB 12P

Toilet paper examples:
‘brand’ DR W 1P 308S TT 6PK

(specific brands suppressed) 
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Could hire a team to code:

Soft drinks examples:
‘brand’ ZR DT LN/LM CF NBP CT

‘brand’ NATURAL R CL NB 12P

DT=diet, R=regular, 12P=12 pack

Toilet paper examples:
‘brand’ DR W 1P 308S TT 6PK

1P= 1 ply, 308S= 308 sheets, 6PK=6 pack
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• Hiring a team to code would be very time and labor intensive. 
• Instead we use machine learning…



Machine Learning Procedure

• We work with team of computer scientists at Michigan and MIT with Mike Cafarella.
• Use neural network to create mappings between prices and characteristics for Nielsen 

using abbreviated text fields and brands.
• Integrate Erickson and Pakes into ML 

• First create predicted prices in log levels.  Generate residuals
• Repeat ML for price changes with lagged residual as additional embedding

• Cross-validation
• Fit neural net model on 50% of data
• Select model on 40% of data
• Validate (report statistics) on 10% of data

• Binned prediction of prices and price changes (10 deciles)
• Fit continuous prices as in product of non-trivial bin probabilities with time/product-

specific bin means



System Architecture (Recurrent Neural Network)



Model Fit:  Near Accuracy

Correct or Adjacent Bin: Price Level Correct or Adjacent Bin: Price Change
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Substantial quality 
improvement—even in food

• Hedonic adjustment reduces 
cumulative inflation by 50 
percent

• Traditional Tornqvist index 
indicates much lower 
inflation than Laspeyres or 
CPI (not shown)

• ML techniques effective!
• Omitting nonfood because 

coverage has changed 
considerably over this period

Price Indices – Food Product Groups 



Lessons Learned + Next Steps
• Part of a broader effort called the RESET Project (Re-Engineering Statistics from Economic Transactions)

• Address conceptual, practical, and contractual issues for implementation at scale
• Blueprints for new architecture for collecting data and creating official statistics.

• Combining item-level P and Q transactions data with attributes can produce
• Internally consistent nominal and real sales
• Price deflators that adjust for quality
• Quality adjustment at scale using machine learning

• Next Steps
• Examine patterns of nominal and real expenditures
• Create new indicators at scale on timely basis

• Need to demonstrate to statistical agencies this is feasible and yields improvements
• Objective: deliver RESET estimates for entire retail goods sector

• Robustly and efficiently scale to new partners
• Information aggregators such as Nielsen and NPD + Private Firms
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Extra Slides
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Hedonics
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Basic idea (Pakes 2003) is to quantify time varying relationship between prices and 
characteristics for continuing, entering, exiting goods.  Starting point is standard hedonic model 
(critical to estimate period by period, Pakes 2003):

ln𝑝𝑝𝑘𝑘𝑘𝑘 = ℎ𝑘𝑘 𝑍𝑍𝑘𝑘 + 𝜂𝜂𝑘𝑘𝑘𝑘

Impute missing price relatives for entering/exiting goods.

Challenge:  Unobserved characteristics. Erickson and Pakes (2011) (EP) develop 2-step 
procedure.  Estimate standard hedonic in step 1.

Step 2:  Estimate first differences with lagged residual from step 1:

Δ ln𝑝𝑝𝑘𝑘𝑘𝑘 = 𝑍𝑍𝑘𝑘′ 𝛽𝛽𝑘𝑘 + 𝜅𝜅𝑘𝑘�̂�𝜂𝑘𝑘𝑘𝑘−1 + 𝜈𝜈𝑘𝑘𝑘𝑘

Addresses both fixed and time varying unobservable effects.  Permits “nesting” of
characteristics.  Yields imputed price relatives for entry/exit.  



Hedonic Imputation vs Time Dummy
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We use EP method to produce Hedonic Laspeyres, Hedonic Paasche, Hedonic Fisher and Hedonic 
Tornqvist (shown below in log form).

Computed for all goods sold in 𝑡𝑡 − 1 and 𝑡𝑡 (continuing, entering, and exiting). Imputing price relatives for
entering and exiting goods based on time-specific changes in prices from characteristics (observable and
unobservable).

As alternative, we also consider the Time Dummy Method used by BLS and also by research literature:

ln𝑝𝑝𝑘𝑘𝑘𝑘 = 𝛼𝛼𝑘𝑘−1,𝑘𝑘 + 𝛿𝛿𝑘𝑘 + 𝑍𝑍𝑘𝑘′ 𝛾𝛾𝑘𝑘−1,𝑘𝑘 + 𝜀𝜀𝑘𝑘𝑘𝑘, 𝜏𝜏 = {𝑡𝑡 − 1, 𝑡𝑡}

Estimate separately for every pair of periods with Tornqvist weights – permits including entering/exiting 
goods.  Hedonic price index is  𝛿𝛿𝑘𝑘. Addresses entry/exit but not unobservable characteristics. Imposes 
constant coefficients on characteristics in adjacent periods.

lnΨ𝑘𝑘−1,𝑘𝑘
𝑇𝑇𝑇𝑇𝐻𝐻 = �

𝑘𝑘∈ℂ𝔼𝔼𝔼𝔼𝑡𝑡−1,𝑡𝑡

𝑠𝑠𝑘𝑘𝑘𝑘−1 + 𝑠𝑠𝑘𝑘𝑘𝑘
2

ln �̂�𝑝𝑘𝑘𝑘𝑘 − ln �̂�𝑝𝑘𝑘𝑘𝑘−1



CES Demand Based Indices
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• Sato-Vartia:

• Limitation:  Exact in the absence of product turnover or appeal shocks
• Feenstra:

• Exact with product turnover and fixed product appeal

• CUPI:

• Three terms: Feenstra adjustment, Jevons and S* ratio.
• S* ratio captures relative change in product appeal within narrow product groups.  Unique to 

CUPI.   
• 𝐶𝐶𝑘𝑘−1,𝑘𝑘 is set of continuing products, 𝛺𝛺𝑘𝑘 is set of all products sold at time 𝑡𝑡

lnΦ𝑘𝑘−1,𝑘𝑘
𝑆𝑆𝑆𝑆 = �

𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡
𝜔𝜔𝑘𝑘𝑘𝑘 ln

𝑝𝑝𝑘𝑘𝑘𝑘
𝑝𝑝𝑘𝑘𝑘𝑘−1

, 𝜔𝜔𝑘𝑘𝑘𝑘 = �
𝑠𝑠𝑘𝑘𝑘𝑘 − 𝑠𝑠𝑘𝑘𝑘𝑘−1

ln 𝑠𝑠𝑘𝑘𝑘𝑘 − ln 𝑠𝑠𝑘𝑘𝑘𝑘−1
�

𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡

𝑠𝑠𝑘𝑘𝑘𝑘 − 𝑠𝑠𝑘𝑘𝑘𝑘−1
ln 𝑠𝑠𝑘𝑘𝑘𝑘 − ln 𝑠𝑠𝑘𝑘𝑘𝑘−1

lnΦ𝑘𝑘−1,𝑘𝑘
𝑆𝑆𝑆𝑆 +

1
𝜎𝜎 − 1 ln

𝜆𝜆𝑘𝑘,𝑘𝑘−1
𝜆𝜆𝑘𝑘−1,𝑘𝑘

, 𝜆𝜆𝑘𝑘,𝑘𝑘−1 ≡
∑𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡 𝑃𝑃𝑘𝑘𝑘𝑘𝐶𝐶𝑘𝑘𝑘𝑘
∑𝑘𝑘∈𝛺𝛺𝑡𝑡 𝑃𝑃𝑘𝑘𝑘𝑘𝐶𝐶𝑘𝑘𝑘𝑘

𝜆𝜆𝑘𝑘−1,𝑘𝑘 ≡
∑𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡 𝑃𝑃𝑘𝑘𝑘𝑘−1𝐶𝐶𝑘𝑘𝑘𝑘−1
∑𝑘𝑘∈𝛺𝛺𝑡𝑡−1 𝑃𝑃𝑘𝑘𝑘𝑘−1𝐶𝐶𝑘𝑘𝑘𝑘−1

lnΦ𝑘𝑘−1,𝑘𝑘
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =

1
𝜎𝜎 − 1 ln

𝜆𝜆𝑘𝑘,𝑘𝑘−1
𝜆𝜆𝑘𝑘−1,𝑘𝑘

+
1

𝑁𝑁𝑘𝑘−1,𝑘𝑘
𝐶𝐶 �

𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡
ln

𝑝𝑝𝑘𝑘𝑘𝑘
𝑝𝑝𝑘𝑘𝑘𝑘−1

+
1

𝜎𝜎 − 1
1

𝑁𝑁𝑘𝑘−1,𝑘𝑘
𝐶𝐶 �

𝑘𝑘∈𝐶𝐶𝑡𝑡−1,𝑡𝑡
ln

𝑠𝑠𝑘𝑘𝑘𝑘
𝑠𝑠𝑘𝑘𝑘𝑘−1
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