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Abstract:

While the application of Supervised Machine Learning (ML) to automate the
classification of alternative data for official price indices has been widely
demonstrated, the impact of misclassification within the ML lifecycle, from initial
annotation of the training data to retraining models due to data drift, has been
understudied in the literature. To support National Statistical Offices in understanding
how to apply ML to support at-scale production needs, our research provides an
empirical case study of how misclassification could be present at major stages of a ML
lifecycle, its impact on elementary price indices and ways it can be mitigated through
model retraining or validation processes.
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1. Introduction

National Statistical Offices (NSOs) have increasingly turned to alternative data sources (point of sale or transaction
data, web-scraped data, and administrative data) to augment traditional field-collected data in the compilation of
official price indices such as the Consumer Prices Index (CPI). To utilize such large datasets in production, Machine
Learning (ML) has been widely investigated for the critical task of classification (Myklatun 2019; Harms and
Spinder 2019; Office for National Statistics 2020) — the categorization of unique products available in a retailer’s
dataset to the lowest level of a classification taxonomy utilized by the NSO. As classification is as an interim step
applied prior to aggregation, any classification errors could lead to measurement error within final statistics if no
quality control process is in place to correct potential errors and validate the classified data (Yung, et al. 2020;
Scholtus and van Delden 2020; Meertens, Van den Herik and Takes 2020). While methodological literature has
demonstrated that misclassification could affect statistical outputs such as counts or total turnover (Scholtus and
van Delden 2020), we are not aware of a detailed and comprehensive discussion of the impacts of misclassification
on the price indices, specifically when applying Machine Learning on alternative data. A consideration of the topic
is critical as NSOs design at-scale classification that balances the cost of quality control with impact from possible
classification errors on price indices.

The objective of this study is to introduce the topic of misclassification errors within the alternative data sources
to the price indices literature. We provide an empirical case study on key aspects that NSOs consider when
applying Machine Learning for production. These aspects include (a) data labelling (or annotation) patterns that
are important to consider when creating representative labelled datasets for ML model training or validation of
data in production; (b) evaluation of how misclassification could impact the elementary indices: the building blocks
of the CPI; (c) ML model decay over time; (d) and outlier detection strategies to flag products for manual review in
order to improve ML model performance. While not exclusive of all considerations NSOs face when applying ML to
alternative data, these research areas address the foundational aspects that support other considerations and aid
further research on the impact of misclassification errors. The goal of the paper is thus to provide an overview of



the impact of misclassification across the key phases rather than dive deeply into each sub-topic, which is left for
later research.

Conceptually, misclassification could impact price indices when the principle of homogeneity in elementary
aggregates, or similarity in characteristics, content, or price change, is affected (Manual, Consumer Price Index
2020). Specifically, if a large proportion of products are wrongly classified into a category and have a price
movement tendency different than the correctly classified products in that category, then over time, the index for
that category would show an incorrect price movement. In real-world situations, homogeneity may not be a
criterion that is fully matched. Furthermore, heterogeneity in the domain-specific natural language to describe
products in the category increases the difficulty for an ML model to generalize and naturally increases
misclassification. Understanding how misclassification affects elementary aggregates is key as it guides subsequent
steps. Maintenance of quality is central, justifying the effort of NSOs to design processes (HLG MOS 2019; Yung, et
al. 2020), as well as undertaken research to mitigate the impact of misclassification on statistical outputs (Oyarzun
and Wile 2022). Manual validation has become a standard approach applied on newly classified records prior to
using these datasets for production. This has similarly been the case in price indices, where manual validation of a
high proportion of new records is a standard recommendation (Eurostat 2017).

While manual validation is recognized, an additional aspect critical for NSOs applying ML is to assess is how stable
model performance is over time, as this will impact how to design the quality control process. Specifically,
inherent in practical applications of ML is the likelihood of dataset shift (also often referred to as drift, which
describes changes to the data distribution, for example changes of product descriptions and classification) over
time in real-world applications. When dataset shift occurs, the assumption that training and production datasets
follow the same distributions (independent and identically distributed) is invalidated (Moreno-Torres, et al. 2012).
A classifier tested on an original dataset prior to deployment into production is thus unlikely to perform at the
same level once a shift has occurred, causing additional misclassifications over time (Scholtus and van Delden
2020, 18). As alternative data sources are not originally intended for statistical output, they are naturally likely to
change over time (such as a retailer changing product descriptions on its website, or the prevalence of specific
products naturally changing over time due to evolution of consumer preferences), thus affecting classification and
subsequent measurement. Presence of shift over time reinforces the need to designing quality control processes,
as validating new products each period creates a new ground truth dataset that could be utilized for model
monitoring and retraining as necessary: a topic that has attracted considerable focus for both NSOs (Piela 2021;
2022), as well as within the larger Data Science discipline within the topic of ML Operations (MLOps) (Sculley, et al.
2015; Huyen 2022; Valliappa Lakshmanan 2020). Monitoring model errors and re-training models is an optimal
approach to address model degradation and maintain quality in statistical outputs, compared to monitoring data-
distribution/covariate drift or fixed schedules (Choi, et al. 2022). Retraining models can be done using approaches
to update models (either single via online learner and forgetting mechanism, or ensembles, both of which are
updated with new data) or train models from scratch (Gama 2013).

Manual validation, akin to annotating or labelling initial datasets used to train supervised ML models, is a
nontrivial task. Retailer datasets where ML is often applicable typically do not contain variables that would support
simple and robust automated labelling and thus depend on annotators to label unique records to the taxonomy
utilized within the NSO. As such, there is no reference corpus, and correctness depends on the process that is
designed (Artstein 2017). This is particularly challenging given that the lowest levels of taxonomies to which
classification needs to be done are at times heterogeneous and subjective (Greenhough, Martindale and Sands
2022). Understanding the subjectivity and heterogeneity of the categories and of the products in each retailer is
thus key for NSOs to design manual annotation or validation processes, as it is impractical to allocate multiple
annotators (or validators) to all categories equally: some may not need the extra investment, while it is critical for



others. Design of a robust validation process furthermore acts as a foundation for ML models as stability and
robustness in the manual annotation or monthly validation process is utilized as an input for model training or re-
training.

The rest of this paper is organized around 5 sections. Following the introduction, section 2 identifies the research
questions, dataset and methods used, and experiment design to test each question. Section 3 lists the results
obtained from the numerous experiments. Section 4 discusses the impact on consumer price indices and
comments on the processes that could be applied in production. The research concludes with ideas for further
research that would support the prices indices field.

2. Experiment design

2.1. Research questions
To investigate misclassification on price indices, this paper focuses on answering four key research questions
which encompass different aspects of the classification process.

Research question 1: How can human annotator consistency or inconsistency guide NSOs in

designing labelling or validation processes?

In price indices, products need to be assigned to custom taxonomy categories, with category definitions that are
sometimes heterogeneous or subjective and thus challenging to categorize consistently. Identifying the level of
annotator agreement across a dataset as a whole helps NSOs establish the likely ceiling that ML model
performance can reach (referred to as Bayes error rate, which is analogous to irreducible error), indicating a
minimum level of misclassification that can reached with ML models without any quality control. Furthermore,
understanding levels of annotator agreement for each category in the dataset supports NSOs in designing
processes for effective allocation of resources for annotation and monthly validation. Specifically, multiple
annotators can be assigned to label or validate categories known to need more robust approaches, whereas
simpler categories may require less investment. Furthermore, better guidance and training material can be
developed to create consistency between annotators. Considering the experience of the Office for National
Statistics (ONS) (Greenhough, Martindale and Sands 2022), it is expected that annotator agreement will be high
overall, however disagreement will be driven by specific categories. Finally, understanding the Bayes error rate for
each category can help guide NSOs conducting ML model training, by better understand the trade-off of reducing
the bias or variance errors of the ML models.

Research question 2: Can misclassification affect an elementary price index?

While methodological research has identified that misclassification could lead to measurement error in statistics
such as counts and total turnover compiled after classification, effect on price indices has been understudied. To
justify manual validation and guide any discussions on how to design resource-effective targeted quality control
processes (De Waal and Scholtus 2011), misclassification needs to be demonstrated to be able to affect the
elementary index—the building block of the CPI—both in one time-period and over time. Based on previous
findings that demonstrated the impact of lower quality classifiers on price indices (Greenhough, Martindale and
Sands, Modernising the measurement of clothing price indices using web-scraped data: classification and product
grouping 2022), this research hypothesizes that misclassification affects the elementary price index.

Research question 3: Does performance of ML classifiers decline due to dataset drift?
Understanding the rate of data drift faced in ML classifiers applied on alternative data is key for NSOs as high-drift
scenarios require more robust monitoring processes, more involved validation processes, as well as more robust



MLOps investment to develop an automated and routine model retraining process. This research expects to find
moderate and gradual model decay rather than strong and very rapid changes, as the underlying generating
function of the data which produces the product descriptions in alternative data and natural language is likely to
shift slowly over time. Furthermore, the authors are not aware of a study on this topic within price indices
literature, hence this experiment could begin a conversation on the development of MLOps best practices within
the price indices field.

Research question 4: Which outlier detection methods are useful for NSOs to utilize to maintain

classification performance?

If misclassification occurs and performance of classifiers declines over time, NSO should operating at-scale
typically design ‘selective editing’ processes rather than validating each unique record (De Waal and Scholtus
2011). Thus, NSOs need to consider various outlier detection methods to flag targeted records for manual
validation — such as price outliers, confidence outliers, or flagging a larger proportion of products in smaller
categories. Basket weights could also be used to flag products that have proportionally high weights in the CPI;
however, this was not investigated in this study. This research hypothesizes that flagging unique products based
on low classifier confidence would be a promising recommended first step, both to identify potential
misclassifications as well as to improve classifier performance, as confidence flagging is inherently aligned with
margin-based active learning, a common way to increase the learning rate for ML models (Settles 2009).

2.2. Data and methods?

To answer these research questions, we utilize a web-scraped dataset collected from seven Clothing and
recreational-goods retailers. While much of to focus for NSOs is on scanner data, we selected web-scraped data
for a few reasons. Firstly, these retailers are available in a fully labelled form and are of moderate size, spanning a
sufficiently long period. This allowed the research to evaluate the posed research questions and not incur too
much compute cost or research time. Secondly, given the number of retailers present in this dataset allowed
research to validate research questions across multiple retailers. Thirdly, as supervised ML models utilize the
natural language in the data to predict which category each unique product belongs to, the task that is inherently
similar between scanner and web-scraped data. At the same time, web-scraped data has some limitations and
additional research would be required to validate results on other alternative data. For instance, product weight in
scanner data is an important variable that could be included in testing research question 4 on outlier detection.

For the purposes of the research, we selected two subsets from within this dataset to support the research
questions while also taking advantage of existing processes within the Canadian CPI to minimizing additional
resource needs. The first subset consisted of a sample of 19,569 unique products, scraped from four retailers
between June 2018 and December 2019. This dataset was labeled independently by three of four annotators to
support research question 1.2 All labelling for was done to the lowest level of CPICOM, the taxonomy utilized
within the Canadian CPI.3

The second subset was used to support all other research questions. Subset 2 contains products and prices
scrapped from retailers between June 2018 and December 2021. An initial dataset of 14,309 unique products

L All experiments were done in Python 3.9 with sklearn, pandas, numpy, and plotly for all calculations.

2 This annotator experiment was also conducted as part of the initial labelling efforts for these retailers and trialed
Active Learning to develop a cost-effective labelling process. Research on the topic is forthcoming.

3 See the Canadian CPI reference paper for more details https://www150.statcan.gc.ca/n1/pub/62-553-x/62-553-
x2023001-eng.htm.
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were labelled by CPI Production experts, on which a Support Vector Machine (SVYM) model was developed and
deployed (Dongmo-Jiongo 2021). All remaining unique products not labelled were classified by the SVM model
and manually validated. In production, Statistics Canada maintains full validation by price experts that are highly
experienced and focus on their portfolio industry, thus this research will consider the validated labels as correct
(ground truth) for the purposes of all research questions. While Statistics Canada continues to utilize this dataset
in production and validate all new unique products received, this research will focus on three retailers for a 3.5-
year subset of the data between June 2018 and December 2021. This subset contains a total of 155,254 unique
products, broken down as 99,202 unique products up to and including December 2019, and 56,052 additional
unique products and approximately 20 million price observations from January 2020 onwards. All price index and
model experiments are carried out on the period between January 2020 to December 2021.

To support research question 2 on misclassification, we introduce various levels of misclassification on dataset
subset 2 in both a random and simulated way. Random misclassification was introduced at various thresholds by
altering the category of a selected number of unique products, with the number aligned to the threshold level.
While random misclassification is a depictive initial test of the concept, realistic models do not misclassify
randomly but instead tend to make mistakes where categories are heterogeneous or highly related to other
categories in the dataset. Thus, we developed a simulated misclassification method whereby categories were
rated according to how often a typical supervised ML model makes mistakes (see model architecture below). We
apply misclassification at various thresholds at the total level, with misclassification allocated first to categories
where mistakes occur more often and less on categories where ML models tend to perform well. This approach is
based on assumptions that these model-error patterns scale to a certain extent with the performance of the
model; an assumption that will hold to a lesser extent the further we depart from the actual model performance.
Specifically, as performance declines, such as due to smaller training datasets, we assume that a classifier
performs worse on categories that are challenging to differentiate between others but continues to perform well
on categories that are simple to differentiate. At a certain point, the proportion of mistakes between challenging
and simpler categories will no longer hold, thus the simulated methods should not be used beyond a moderate
performance. Furthermore, as the proportion of mistakes between categories is dataset- and model-specific, this
method is limited and is meant to be used to demonstrate the application of misclassification over time in a more
realistic level than randomly.

To proxy a production scenario, we apply simulated misclassifications for all experiments over time, and ensure
that a mistake persists once a product is misclassified as long as it is in the sample. This portrays a production
setting where new products are classified and validated (using various methods as referenced in research question
4 on outlier methods), but then are not likely to be reviewed if the product is in sample. In this way, if less than
100% of new unique records are validated, the proportion of misclassified products can build up in the elementary
aggregate category over time.

Research question 3 (model decay) and research question 4 (outlier detection methods to mitigate decay and
support retraining), require a more realistic scenario, including the need to retrain realistic production models. As
such the research needs to select a representative production model, for use in these experiments. We selected a
Support Vector Machine (SVM) classifier, adopted word tokenization, custom stop word removal, and TF-IDF
vectorization — an approach that typically is highly performant (Harms and Spinder 2019) and popular for many
NSOs (Greenhough, Martindale and Sands 2022; Van Loon 2020; Hov 2021; UNECE 2021). Furthermore, this model
architecture has also been utilized in production in the Canadian CPI for the Clothing index since January 2020 and
has proven highly effective (Dongmo-Jiongo 2021). To perform the experiments required to answer the questions
and allow for the model fitting and frequent re-fitting during re-training, we omit hyper parameter tuning and
instead select a combination of fixed model hyper-parameters, known to be performant on this dataset. Variation



in classifiers is thus restricted to the training data used to fit the model. While the approach of not completing
hyperparameter search each time is limiting, internal research has shown that hyperparameters of the model
algorithm of consideration are not highly sensitive over time given the data considered and thus the exclusion of
this step from experiments was not seen as harming the representativeness of the findings. When periodically
refitting the classifier, new, reviewed products are added to the training dataset, creating an ever-expanding
training dataset used for the duration of the experiment. While not the exclusive option NSOs face, this approach
was selected as a default benchmark. Further research at each NSO is recommended to select the appropriate
method in production.

To evaluate misclassification, we measure two separate dimensions. To evaluate the performance of ML models,
we monitor the sample weighted F1 score of a model on any given month. F1 score is a harmonic mean of

true positives true positives

precision ( ) and recall ( ) and is widely used by NSOs as an

true positives+false positives true positives+false negatives

evaluation metric (Greenhough, Martindale and Sands 2022). Weighting is done through class-specific weights
based on the class support (sample size). To provide a representative example of the impact of misclassification on
price indices over time (research question 1), a GEKS-Jevons multilateral index is calculated at the elementary class
level. We selected this method as a representative one for three reasons. Firstly, multilateral methods are widely
used as even with an extension method, they are considered preferable to bilateral methods due to lower levels of
bias introduced over time (Chessa 2021; Fox, Levell and O’Connell 2022). Secondly, they are also recommended
for unweighted web-scraped data, as well as for clothing use cases (Greenhough, Martindale and Sands 2022)
similar to the datasets used in this paper. Finally, as multilateral methods take into consideration the prices and,
potentially, quantities of products between multiple periods, misclassification could affect multilateral indices
more and at increasing levels over time (if misclassification increases over time and is not corrected) than bilateral
indices, which instead focus only on matched set of products between the base period and a period in the future
and are thus likely to remain more consistent (at least prior to chaining).

We simulate a production scenario by using a window-on-published splice as it often performs better and exhibits
less bias than the classical window splice, a preference in existing literature. A 13-month window is chosen for two
reasons. On the one hand it is well established in empirical research and its practicality; this choice allows seasonal
products and pricing to be captured throughout an entire year. On the other hand, while larger window sizes are
recommended, due to the 24-month time period available in dataset subset 2, a 13-month window with an
extension method was a more representative application of a realistic production setting than selecting a 25-
month window without extension. For comparison however, a 25-month GEKS-Jevons is also calculated to
demonstrate the role of classification within a window. A discussion on the difference in outcome between
different window lengths and extension methods is not included in the full analysis to separate out the discussion
on misclassification detection and index parameter optimization strategies. Similarly, proxy weights were not
utilized to separate out the experiment from a discussion on proxy weights within web-scraped data.

2.3. Experiments conducted

For each research question, a specific experiment or set of experiments were designed.

2.3.1. Cross-Annotator Agreement experiment

To support research question 1, a detailed annotator consistency experiment was designed. This experiment
served two purposes: to test how annotators performed over different retailer datasets and set a benchmark, and
to design a high-quality process for future annotation or validation within the program. Prior to beginning the
annotation process, a detailed dictionary and guidance for human labellers was prepared, detailing definitions of
codes as well as inclusions and exclusions. The annotation process involved two rounds, similar to a Delphi



technique for labeller consensus. First, each unique product was labelled independently by 3 initial annotators. If
there was any disagreement between the three, a second round was used where a 4" annotator would be
involved to arbitrate between the proposed labels (unlike the initial 3, the 4" annotator could see the proposed
labels) or select another category. For products with no disagreement between the initial 3 annotators, the
consistent label was considered the correct one; for products with any disagreement, the 4™ annotator’s decision
was considered final as they could discuss and arbitrate the subjectivity and make recommendations where
products should be placed in the future. For this role, a senior and highly experienced domain expert working on
CPI Production was selected as the 4" annotator. Within the initial 3 annotators, 2 were similarly domain experts,
whereas the last initial annotator was not experienced in the domain and relied quite heavily on the dictionary
and guidance developed. Including only one less experienced annotator was done for two reasons. On the one
hand as there was insufficient resources to engage a larger group, while on the other still supported an evaluation
of how a larger body of less experienced annotators would likely perform, as well as support Statistics Canada in
developing robust annotation guidance for the large volumes of alterative data still needing annotation.

2.3.2. Misclassification experiment

As the first step of calculating consumer price indices is to calculate an elementary price index, an experiment was
designed to test misclassification at this level. Initially we simulate the impact of misclassification on a single
elementary aggregate class, within a single reference period. First, for a specific retailer, we compile the set of all
products observed in both the reference period, t;, and the base period, t,,, denoted by S,. We calculate the price
relative for each product as the ratio of prices, pi/po. The “true” index for an elementary aggregate class is taken
as the geometric mean of the relatives, for all products assigned to that specific class with no misclassification.

To introduce misclassifications, we randomly re-assign classes to a selected number of products in Sp. For a single
elementary aggregate class, misclassifications are introduced by either randomly removing products from the class
(simulating false negatives leading to a decreased recall) or by randomly adding products from a different class
(simulating false positives leading to a decreased precision). In each simulation, the number of products
misclassified is selected to target a specified sample weighted F1 score for the elementary aggregate of interest.
Once products are misclassified, we again calculate the index for the target elementary aggregate as the
geometric mean of the relatives, for all products currently assigned to that specific class. This simulation is
computed 1000 times each for a single elementary aggregate, at various levels of misclassification, to produce a
simulated distribution for the calculated elementary index at each level of misclassification.

Secondly, we simulate the impact of misclassifications over the entire 24-month production period. Each month a
defined fraction of the new products, first observed that month, is re-assigned a different class from their true
class. In this experiment, misclassifications are introduced in a simulated, non-random way, i.e., the products
selected for misclassification are based on the empirical accuracy of a production classifier, for that elementary
aggregate. Additionally, the types of classification mistakes introduced are not random but based on the observed
classification errors of a production classifier. This simulation is conducted three times to compare the calculated
index using different methods at varying levels of simulated misclassification.

2.3.3. Model decay and retraining experiment

To evaluate decay in model performance from data drift, three scenarios are evaluated. Firstly, to assess whether
decay occurs due to data drift, we train and deploy a model based on labeled data between June 2018 and
December 2019. The trained model was then used to classify all new unique products that enter the sample every
month for two years, with no validation or retraining. As the ground truth labels are known, over the two-year
period, various classification metrics were calculated each month, using the predicted and true labels, including
the sample weighted F1 score. While product turnover in clothing is known to be high, many products persist in



the market for many months and even years, thus some products were still correctly classified (from the
December 2019 period or previously) in sample each month, hence we expect the overall F1 score to decline
gradually. This scenario can act as a benchmark for NSOs of what happens over 2 years if no validation is
performed and a model is not retrained.

Secondly, to simulate model retraining, a process that NSOs could apply in order to restore model performance to
expected levels, we expand the first scenario but utilize the full ground truth labeled dataset as retraining data for
various time periods, such as every 1, 3, or 6 months. For all cases, we add the full validated dataset into the
original training dataset (thus expanding the dataset) and retrain the model. This scenario represents a second
benchmark, a case where the ML model is often retrained but all new data is still validated. Any price index
calculated from this dataset represents the “true” price index, as 100% of the products have been reviewed and
thus assumed to be correctly classified.

2.3.4. Outlier detection experiment to mitigate misclassification

To mitigate reducible misclassification from model decay, we investigate suitable outlier detection methods that
could be used to re-train models, thus helping develop a targeted quality assurance process after classification.
We attempt four different methods of outlier detection to simulate a review process employed to detect
misclassified products, each with a threshold parameter. In accordance with De Waal and Scholtus’ selective
editing principle (T. De Waal 2013), the goal of these selected methods is to focus attention on a so-called “critical
stream” of records (i.e.: products most likely to contain errors) and identify misclassified products to mitigate the
impact on the CPI and related publications. Methods are trialed individually and also compared together to
provide a representative demonstration of their combination, however a detailed assessment of all outlier
methods to select the most optimal set is not in scope, as the authors felt that this warranted a separate and
detailed study. As each outlier detection method is evaluated to support model re-training, we adopt a 3-month
retraining window as trialed in the model decay and retraining experiment (above).

The first of our methods is a simple random sampling flagging method whereby a fraction of new products are
randomly selected each month for review. We alter the fraction parameter to randomly select 0%, 5%, 10%, 20%,
30%, 50%, 70% and 100% of all new products for the month. This method serves as a base to compare other
methods; for instance, a method that flags about 30 percent of products in a targeted way should identify more
misclassified products than the equivalent random flagging. A second use of random flagging is to create a sample
for model evaluation which has low selection (sample) bias compared to other flagging methods due to random
sampling property and allows for an effective evaluation of classification performance. Finally, the low selection
bias of the random sample motivates its use in the retraining process, to avoid biasing the classifier model.

A confidence-based approach using model probability scores is also considered. Here, probabilities are derived
from the classifier’s distance metric via Platt scaling (built into the scikit-learn Python package). Classifier margin is
calculated as the difference between the probabilities for the first and second most likely classes; lower classifier
margin indicate that the classifier cannot effectively separate the top two classes. All products below a certain
threshold are flagged and a higher threshold will flag more products. We test thresholds of 1%, 2%, 4%, 6%, 8%,
10%, 15%, 20% and 30%. Note that the classifier margin depends on the internal representation of the decision
boundaries of the classifier and as such the flagging method results are classifier dependent. Furthermore,
confidence-based methods could be considered an Active Learning method, selecting a targeted sample for use in
the model retraining process (Settles 2009).

The third method we propose leverages counts. Counts was chosen as the price distribution of product classes
with less products will tend to be more sensitive to misclassification, compared to those with more products. A



single misclassified product would have a higher relative impact on a class with a small number of observed prices,
compared to a class with many observed products. Furthermore, categories with few products can easily be
reviewed by NSOs, as low investment is needed to validate a small category. A threshold of 10, for example,
means that if there are less than 10 new products observed that period, all new products in that category will be
flagged. Count thresholds of 3, 5, 10, and 15 are used to flag in this instance.

Our final method flags outliers based on the distribution of product prices within each elementary aggregate class.
This flagging method uses a simplified approach, which considers prices of products being classified each period
(new products). Once all new products are classified, the price distribution is calculated for each elementary
aggregate, using the observed prices for all new products assigned to that class. The price outlier method then
flags products from each class with prices that are above or below the specified percentile threshold; thresholds
tested in this experiment were 5 and 10 percentiles. While this method utilizes a simple approach and has
limitations in a fuller application in a production setting, it was included in the research for two reasons. Firstly,
the size of the churn in the data, with an average 3,000 unique new products entering the sample each month,
meant that simple setup of the experiment still allowed percentiles to flag a considerable number of products in
practice. Secondly, as price outlier detection is an important area of focus for NSOs and is often used in
production, any representative demonstration of various outlier methods should also include a price flagging
method.

3. Results

3.1. Findings from cross-annotator agreement experiment

Our findings on annotator agreement are similar to the experience of ONS (Greenhough, Martindale and Sands
2022). Evaluating cross-annotator agreement (Figure 1), 78% of the time the initial 3 annotators agreed on the
same category, 20% of the time two of the three agreed, and 2.3% of the time, each annotator chose a different
category. This differed slightly between retailers, with retailers that were larger (offering a larger and less
consistent range of products) and needed to be labelled to a larger number of categories (Elementary Aggregate
category or EA), was associated with less agreement between annotators. Overall, the experiment agreement that
was non-random as the experiment had a Fleiss Kappa of 0.84, a metric that compares raw agreement counts
against levels that could be obtained by arbitrary labelling.

Figure 1: Annotator agreement by retailer, compared to number of categories labelled in retailer dataset

Agreement of Reviewers Count of Unique EAs

Fraction of Products
Count

1 2 3
Number of Different Categories Selected Retailer



Similar to the ONS, this research found that consistency varied among categories, with some categories being
relatively simple to label and had very high consistency levels, whereas other categories were very inconsistently
labelled. Furthermore, similar to the ONS, there was no major correlation between annotator consistency and the
number of unique products per category. Categories that were most problematic were often categories which are
hard to define such as catch-all categories (“other footwear” labelled consistently only 8.3% of the time or “other
children’s clothing” labelled consistently 6.7% of the time), heterogenous categories which are hard to separate
from other categories. Examples of such heterogenous categories are “children’s winter outerwear” which was
consistently labelled 34% of the time, and “Children’s winter boots” which was consistently labelled 29.8% of the
time, and “Women’s casual pants and shorts” which was often confused with “Women’s dress pants”. At the same
time, categories that were simpler to define, more homogeneous, and quite distinct from other categories were
usually labelled very consistently. For example, “Men’s sunglasses” was consistently labelled 100% of the time,
“Children’s shorts” was consistently labelled 98% of the time, and “Women’s skirts” was consistently labelled
97.5% of the time.

Evaluating more closely the possible reasons for this disagreement — specifically to see whether expertise affected
an individual’s performance and whether differences in expertise could be mitigated by better training or guidance
—each of the 3 initial annotators performance was evaluated, and their choice of labels was compared to the final
accepted label. The 2 experts with more contextual knowledge of the clothing domain showed an F1 score of
0.902 and 0.918, thus they showed a very high likelihood of selecting the final label considered correctly. In
contrast, the less experienced initial annotator showed only an F1 of 0.845. At the same time, the less experienced
annotator still was correct for most homogenous categories but tended to be less likely to select the correct
category for catch-all categories or heterogeneous categories closely related to other categories.

A final phase of the experiment introduced a fourth annotator to validate the situation and attain consensus in
order to reach a final decision on what category each product should belong in, as well as evaluate how a
consensus process could be developed. 61% of the time, the fourth annotator chose a category which two of the
three annotators also selected, 32% of the time the annotator decided for a label which one of the three
annotators identified. Finally, 7% of the time the 4t annotator overruled all three annotators to select a previously
unselected final label. As the labelling was done in batches, at the end of each batch annotators met to discuss this
situation and confirm this decision, with the 4" annotator marking this as the final decision.

This finding leads to two takeaways. Firstly, redefining categories to be more homogeneous, minimizing the use of
catch-all categories to the extent possible, and expanding the documentation and exclusions/inclusions
dictionaries provided to annotators could mitigate some of this subjectivity. At the same time, fully eliminating
subjectivity is not possible, a scenario that needs to be balanced with the need to define cost-effective strategies
for both initial annotation and monthly validation. Thus, secondly, NSOs could explore developing a process where
more complicated categories, after they are initially identified such as with a targeted sample as in the ONS
experiment (Greenhough, Martindale and Sands 2022), are allocated more resources to attain high quality and
consensus. We demonstrate this using our use case and the whole retailer dataset (Figure 2), normalizing the
dataset size to 100% for comparison purposes. In other words, if all the records in the category (or the whole
dataset in our case) is labelled, 100% effort is expended, whereas if each record is labelled by two individuals,
200% effort is expended. From our case study, if one annotator labels every record they are provided, they are
expected to have an accuracy of 89.1% after labelling 100% of the dataset. Introducing a second annotator would
require a doubling of the annotation effort, and the effort of both could help identify a subset of products that
could go to a third annotator who would be responsible for finalizing the decision and reaching consensus. In our
use case, we had 9% on average disagreement between two annotators, meaning that 209% effort would be
necessary, however the process was expected to lead to 92.7% accuracy. Expanding this to having three initial
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annotators for the dataset, with a fourth annotator brought in to reach consensus led to an investment
requirement of 322%. While we stopped with four annotators for this research due to resource limitations, we
consider the consensus process and the experience of the fourth annotator, while not perfect as to lead to 100%
performance in practice, to have led to a conceptual maximum accuracy. An important consideration of this
takeaway was that maximum performance may change over time as NSOs develop more homogeneous and more
objective categories or improve their training material for annotators.

Figure 2: Expected accuracy of annotated dataset versus annotation effort required

100% Maximum 350%
0,
LR 300%
S 96% &
Z 250% 2
> 94% o,
o
g 92% 200% %
w )
o 90% 150%
£ 88% 3
e . 5 100% 5
& 86% 100% <
0,
84% 20%
82% 0%
Use only 1 annotator Use 2 annotators on all Use 3 annotators for all
products + 3rd for products + 4th for
disagreement dissagreement

Normalized effort of labelling 1000 records Expected performance

3.2. Findings from misclassification experiment

This experiment shows that misclassification could affect the elementary (aggregate) price index, as misclassified
products in an EA could shift the distribution of the price relatives of the whole EA. While this experiment was
conducted on each retailer for multiple elementary aggregates, in multiple reference periods; the results
presented below are limited to two representative elementary aggregates for retailer 2.

The following four figures (Figures 3 - 6) show distribution plots, highlighting the results of individual experiments.
The true index for the selected elementary aggregate, as defined in section 2.3.2, is shown as a dashed vertical
line. Each of the lines in the top plot, represent the frequency of observed values for the calculated index, based
on the misclassification simulations; smoothed using kernel density estimation. In the sub plot underneath, each
vertical line represents an individual observed value for the calculated index, from a single iteration of the
misclassification experiment. Each figure represents a single retailer, a single elementary aggregate, and single
reference period combination; with each line representing different degrees of misclassification.

Figures 3 and 4 both show how two different EAs that were respectively either above or below the average
movement of the retailer could be affected. In both instances, the bias increases with decreasing F1; directionally
the bias is towards the mean relative of all products within that retailer and reference period. Furthermore, the
experiment shows qualitatively that both the difference between the mean of the distribution and the true index,
and the standard deviation of the distribution, increase with the number of misclassified products. The mean shift
is directionally towards the mean of all price relatives of all products in the specific reference period. In both cases,
even a relatively high F1 score that NSOs could expect for models used in production could affect the EA by a few
points. It should be noted that the quantitative change in mean and variance depends on the specific reference
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period, retailer and elementary aggregate used in the simulation; these figures are intended as representative
examples.

Figure 3: Random misclassification for an elementary aggregate class above the average movement of the retailer
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Figure 4: Random misclassification for an elementary aggregate class below the average movement of the retailer
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While Figures 3 and 4 demonstrate the effect with an equal number of false positives and false negatives to
achieve the stated F1, in practice misclassification is not balanced. A related experiment was thus completed to
evaluate whether the type of misclassification influences the elementary index. Specifically, the same EA is chosen
as in Figure 3, but precision is fixed at 1.0, and recall is decreased by randomly removing products from the class
(Figure 5). Qualitatively there is less, or no mean shift observed, though the standard deviation of the distribution
increases as the recall is lowered, signaling no bias but largely increased variance. Conversely, if the recall is fixed
at 1.0 and the precision adjusted by randomly adding products to the class, we observe that the mean appears to
be shifting lower as precision is lowered (Figure 6) signalling both bias and small variance.
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Figure 5: Various levels of misclassification when precision is fixed at 1
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Figure 6: Various levels of misclassification when recall is fixed at 1

14

Precision=1.0

== F1 Score
— F1 Score
= = F1 Score
----- F1 Score
—— F1 Score

Impact of Random Misclassifications on Calculated Price Relatives (Single EA)

Freguency

rue Index

40
P
30 / \_H‘ / ~
7 Y %
20 I3 \./ /
/s VA /
y 7
10 yd /Ny I
v VRN .
0 --'J__ — = _ = ~ - I
1
H11E) I N i 1 1/ 0111
I TE U107 O Al 14 1 0 0 (1
I IR N A Wi V] |
I1EITY N I 1 11 111 [ | /|
FE 10 T ——— . ]
0.8 0.82 0.84 0.86 0.88 0.9 0.92 0.94

Index

Recall=1.0

=== F1 Score:
— F1 Score:
= = F1 Score:
----- F1 Score:

—— F1 Score

: 0.5
0.7
;0.8
0.9
: 0,85

0.5
0.7
0.8
0.e
: 0.85



The experiment shows that that maximizing class precision is most important for eliminating bias in the calculated
index; recall is important for reducing variance. Furthermore, a trade-off must be made between reducing bias
and variance that may differ based on the nature of the category and quality assurance constraints. This is of
course complicated by the nature of the multi-class problem; a misclassified product impacts two classes, the true
class that it is removed from and the false class that it is assigned to.

To simulate the impact of misclassifications in a production setting, product misclassifications were introduced to
new products observed in the 24-month production period of dataset subset 2. Simulations were introduced in a
biased way, i.e., the types of classification mistakes introduced were based on the observed classification errors of
a production classifier. The fraction of products misclassified was increased or decreased to reflect a high,
moderate, and low performance of a production classifier over time. A category was chosen that had high nominal
misclassification with another category that had at times different movement to visualize a representative
situation of potential concern that NSOs would look to mitigate. Approximately 15, 50 and 95 percent of new
products were misclassified in the high, moderate, and low performance scenarios respectively, for the
elementary aggregate shown below. Figure 7 shows the cumulative F1 of the category over time as new products
enter and leave the sample, and Figures 8 and 9 show a GEKS-Jevons index on this elementary aggregate, with a
13-month window extended over the remaining months, and a 25-month window, respectively.

Figure 7: Scenario of various levels of misclassification entering the sample over time to support Figures 9 and 10

Sample Weighted F1 Score for Single EA, All Products

R S S AL o s et = 100% QA
N TeleettTT e High F1
Now T s - oo s = = = Moderate F1
0.8 ~— o 7
— — - — W
~ - o RS L -- Low F1
N ~ =T~ I} »
— -
o 0.6 ~
[}
0 h \
~
— /
[T 0.4 \ ™
~7 N
N
.
- —
0.2 ™

1]

[ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [ [

o (=] o (=) o o o o [=) o o o o o o [=) o (=] o o (=) o (=) o

[ [ [ [ [ [ [ s [ [ [ [ ~J [ [ [ [ ~J [ [ [ %) [ [ [

o (=] o [=) o o o o o o o o = = = = = = = = = [ [l [

(= M w L (] (9] ] 73] () (=] = [3¥] (= %) w £ [h] (9] ] [#1] L) (=] [l M

Reference Period

15



Figure 8: GEKS-Jevons with a 13-month window on various levels of misclassification over time
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Figure 9: GEKS-Jevons with a 25-month window on various levels of misclassification over time
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Our tentative results show that neither GEKS-Jevons index is highly sensitive to misclassification, however
moderate and high levels of misclassification could still cause a significant effect over a moderate time period.
Considering that the proportion of misclassified products could build up over time in a category, this situation
underlies the importance of validation to check that misclassified records are caught. As misclassification could
impact the index only if a proportion of wrongly classified products show a movement divergent from the correct
products in that category, understanding the movement of categories the classifier typically confuses is key.
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Further research is needed to demonstrate the impact on a wider set of cases and retailer datasets. Furthermore,
a longer time period should be investigated as misclassification could build over time with different extension
methods.

3.3. Findings from model decay and retraining experiment

We train models with data up to 2019-12 and analyze the performance change using ground truth data over a
two-year period. We compare performance decay of models for new products, with models trained on each of the
3 retailers under consideration (see Figures 10 and 11). We categorize the decays based on their characteristics
using the following common principles (see Bayram, Ahmed and Kassler 2022 and references within): Probabilistic
source of change, transition of change and severity.

First, we aim to categorize probabilisic sources of changes qualitatively and based on the understanding of the
data generation process. We describe each product classified as an instance defined through its feature (covariate)
vector X and its target (response) variable y. The feature vector encodes the product description while the target
variable is the product class. Then the product distribution can be described via a probabilistic definition as the
joint distribution P(X,y). Following the common notation and Bayram 2022 we define the posterior probability
distribution as P(y| X). A classifier aims to learn this concept of mapping X to y, and any change to this relation or
concept in new product data is called concept drift. This drift invalidates the learned concepts leading to
performance decay. The learned concept of product description mapping to classes might be fairly robust to
change over time, excluding planned changes to the class hierarchy. Note however we expect that new products
with new descriptions change P(y|X) (perhaps in a P(X,y) sub-region) and the learned concept of the classifier
becomes outdated. Additionally, we expect a change in P(X), defined as covariance drift, as the distribution of
product descriptions in each period vary due to assorted reasons such as seasonality, and new products entering
the market. We also observed a change in the probability distribution of the classes P(y), defined as prior
probability, due to similar reasons as stated above, leading to significantly different class distributions between
reference periods. In some cases, class counts reduce to a few counts per class, or even zero counts. These
different probabilistic sources of change and their complex interplay result in the various observed patterns of
model performance changes and transition patterns for the 3 retailers we are investigating.

We observe drift transition patterns which differ between retailers and over the 2-year time period. For example
for the entire 2 years we find retailer 2 to show a clear gradual decreasing performance trend, while retailer 3
does not appear to show any decreasing trend. However, for all retailers, gradual drift occurs for at least a few
periods. We also find sudden drifts and drop in performance, e.g. for retailer 1 on July 2020 and November 2020.
We attribute these different transition patterns to the diverse changes to product offerings. The nature of model
decay may be correlated to the type of products sold at a particular retailer; this phenomenon would need to be
studied in more detail and on more retailers to draw specific conclusions.

To judge the severity of the drift, we analyze the sample-weighted F1 score and find high variance across periods
with changes of up to approximately 10%. Additionally, gradual, and strong drift over multiple periods result in
drops in performance, for example of more than 25% for retailer 1 in 2021. We attribute this to the diversity of
new products appearing due to unknown context (Widmer and Kubat 1996). Those strong performance drops and
the sudden drift patterns justify re-training models frequently. Note that as our class assignment of existing
products are not likely changing, severe concept drift (defined as class change of all products will not occur, and
therefore not impact CPI calculation (Figures 8 and 9).
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Figure 10: Classifier Model Decay Over Time
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The decreasing performance on the new products is affecting the performance of the whole sample with all
products of the reference month. The compounding effects of increasing number of misclassifications from
month-to-month results in a relatively smooth decrease of the total performance, as shown in Figure 12. The
100% validated data from the initial time period is increasingly being diluted by the wrongly classified new
products. This resulting error of all products directly impacts the CPI. This emphasizes the potential effect in the
absence of a quality control process, including retraining. Note that while only sample weighted F1 is presented,
we find the same trend in the dataset, with respect to both precision and recall.
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Figure 11: F1 Score for All Products Observed in Each Reference Period Over 2-Year Period
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To address the observed model performance decay and mitigate the impact of low model performance on the
elementary prices index, the model can be periodically retrained. Figure 12 shows the classification performance
on new products where the model was periodically re-fit with new data. We assume 100% product validation,
meaning retraining occurs with all new products up to the month of retraining. The base case corresponds to no
retraining, as shown above. One can observe that with periodic refitting, the classification performance can be
stabilized over the 24-month period. More frequent retraining shows to be beneficial with less benefit on the time
horizon between one and three months. This justifies a balanceing of the costs of retraining with the improved
performance over that horizon span. We find similar behavior of performance improvements for retailers 1 and
retailer 3 (similar to Figure 12) indicating a similar underlaying data and drift generating process.
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Figure 12: Impact of Model Retraining Frequency
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3.4. Findings of outlier detection experiment

In this section we analyze the effect of different flagging methods on performance based on data from retailer 2.
We find similar qualitative results for retailer 1. Due to compute limitations, only select experiments were
performed on retailer 3, though results were also consistent.

In the absence of 100 percent Quality Assurance (QA), as new products enter the sample and old products exit, an
increasing level of misclassifications will enter the sample. Over time, as products from the initial 100% QA period
(prior to 2020-01 in this experiment) exit the sample, the classification accuracy (and F1) will approach that of the
classifier. Flagging and reviewing new products via QA can assist in reducing the number of errors that accumulate
each month in the sample. The conceptual trend from 100% QA to a final state with constant QA fraction, defined
through the classifier’s performance, and a fixed 30% QA rate, as a demonstration, for new products is shown
below (Figure 13).
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Figure 13: Conceptual overview of how 100% proportion QA data would transition to the fixed QA rate over time,
with a decreasing QA’d fraction in exit products and a constant QA rate for new products.
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The introduction of an arbitrary flagging method will catch a percentage of misclassifications €5;,44¢4 for
correction. If we assume human annotators to be 100% accurate at correcting flagged products (assuming we
design a process based on human performance to catch all mistakes), the new classification accuracy will approach
the accuracy of the classifier A,,,4¢; Plus the fraction of misclassifications flagged, given as follows:

Acrrors flagged (new Products) = Apoger + €flagged X (1= Anoder)

The accuracy on all products Agrors fiaggea (all Products, t) for period t will depend on Aeyrors fiaggea @S
follows, given E,,, (t) as the time-dependent fraction of new products, which will approach 100%:

Aerrors flaggea(all Products,t) = Foey, (t) X Aerrors flaggea (new Products) + (1 - Fnew(t)) X 100%

The perfect flagging method would therefore flag all misclassified products (€f;4ggeq = 1). The most efficient
flagging method would allow to flag only misclassified products to minimize the QA effort.

In the following we simulate the application of random and uncertainty flagging through 24 periods which result in
different percentage of misclassifications €f540q. We analyze the performance on new products and all
products. Each period, a designated fraction of the new products was flagged for review, which automatically
assigned the correct class to them regardless of the classifier prediction. This assignment simulates review by a
human, in a production setting. Every three months, the model was re-fit using the original training data, plus all
flagged products up to that date to simulate a production retraining process using validated data.

3.4.1. Random Flagging
We sample a fixed percentage of products F,,,4 from all new products in each period, which allows to flag an
equal percentage of errors, leading to

Arandom (new Products) = Amodel + Frand X ( 1- Amodel)-
For instance, flagging 50 percent of total products should flag approximately 50 percent of misclassified products.

To track the performance of the classifier on new products and the expected performance decay, we analyze and
present its performance prior to flagging. Model performance with respect to the amount of data randomly
flagged is compared (Figure 14). The two bounding base cases represent the cases with no flagging nor retraining
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(strongest decay) and the case where 100% of new products are flagged, reviewed, and used to re-fit the model
every three months (base case with retraining).

Figure 14: Impact of Random Flagging on Classifier Performance (with Refitting) for retailer 2. Shown is the model
performance without considering the performance improvement from outlier flagging.
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Flagging products each month provides additional and more recent training data for refitting the model and
consequently the model performance improves, similar to the findings in Section 3.3. We find that more random
flagging increases the classifier performance. Additionally, just randomly flagging 10% of new products for
retraining strongly improves the classifier prediction performance over time, preventing the strong decay
observed in case of the base case without retraining. Further flagging of 50% of new products or above has mostly
very small impact on the overall performance.

While low levels of random flagging are sufficient to keep performance high on new products, classifier errors still
accumulate over time: initial quality assured products leave the all-products sample and are replaced by the new
products with classification errors, as discussed above. We analyze this accumulating effect as it impacts the
performance of the whole sample of all monthly products in Figure 15, with new products corrected only through
QA to demonstrate what happens with the overall cumulative F1 with random flagging without model re-training.
As shown in the monthly F1 plot (Figure 14), the base case (no retraining) in Figure 15 for cumulative products
shows strong continuous decline in performance towards the classifier accuracy. Thus, random flagging will both
improve the classifier performance as well as reduce the number of misclassifications, leading to a much better F1
score for all products. The new QA’d products and the exiting products from the initial 100% QA’d data (Figure 15)
together lead to a smooth, less pronounced decrease compared to the performance on new products only (Figure
14). Additionally, we observe an increasing overall performance for larger fractions of random sampling which is,
in relative terms, is much more pronounced than the gains observed for new products only (Figure 14, noting the
scale difference).
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Figure 15: Comparison of Random Flagging Percentages on F1 Score for All Observed Products

F1 Sample Weighted Comparison: All Products - Random Flagging

Base Case (Retrain)

i D . i
o 2 A S oo T P N N N N O Y O Random Flagging 0.7
0.98 I e Bt L S e e S ey AP Sy e e — = Random Flagging 0.5
ST —  Random Flagging 0.3
5 — _ - _-— - = .
- .58 N - - . Random Flagging 0.1
48] . - .
E e = T = T — “ Base Case (Mo Retraining)
D 0.54 T
18]
g -
i8] 0.92
=
£
T 0.9
w
—
8 0.88
0.86
0.84
L o o o o O O L L I L T L L L T L e " T " v
o O O O O O O O O O O O O O O o O O O O o O O 0O
FJoOROR R RSO RJ RJ KRR R R ORI R R MRS RIRI RS R RRD RS RJ
o O o O O O O O O O O O 2 =2 = e e e e e e
o o o O O 9 OO o O = = OO 0O 9 O Q9 O 90 0O - &
[ O B I i 1 o O =« I T R o I " U T % R " St Sy iy B o TR [ o'+ B Vo B B C R ¥ )

3.4.2. Uncertainty Flagging

To analyze the effect of uncertainty flagging we perform the same experiments as before, however with flagging
products based on different thresholds of uncertainty. Products are flagged if their classifier uncertainty is below a
given threshold. Margin threshold utilized in this study operates opposed to likelihood of the classifier being
correct — in other words increasing the threshold will lead to more products being flagged as products the
classifier is more “confident” in will be flagged. Similar to random flagging, we again compare the performance of
the classifier on new products for different thresholds (Figure 16). We find that using products flagged using
classifier margin is quite efficient as refitting the model every 3 months on margin flagged data helps to prevent
degradation in the classifier due to drift. We observe that model performance did drop in the final three-month
period, which could be an indication that margin flagging is introducing bias into the training data and the model, a
topic that needs more study to fully validate. We also find that increasing the margin threshold flags more
products but does not improve the classifier performance as dramatically as the changes observed with the
random flagging technique.

23



Figure 16: Comparison of Classifier Performance (with re-fitting) for Different Margin Thresholds
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As for the random flagging outlier method, we compare the impact of the uncertainty outlier method on all
products in the sample (Figure 17). We show the F1 score degradation over time for all products observed in each
reference period post QA, with a sub-plot showing the fraction of products flagged in each month in order to show
how much effort is needed by NSOs if they choose this promising method. Though not constant, each threshold
tended to flag a similar proportion of products each month, with higher thresholds flagging more products (Figure
17).
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Figure 17: Comparison of Post QA F1 Score for Different Margin Thresholds
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Contrasting uncertainty flagging with random flagging, uncertainty flagging was better at identifying misclassified
products compared to randomly flagging new products. With uncertainty flagging, a higher fraction of errors was
flagged, for the same amount of review effort. To reach this result, we flag approximately 30% of new products for
review each period using a margin threshold of 0.80; this is compared to randomly flagging 30 percent of new

products (Figure 18).
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Figure 18: Comparison of Post QA F1 for Uncertainty vs Random Flagging
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3.4.3. Comparison of Flagging Methods

Compared to confidence or random flagging methods, conceptually, flagging based on price outliers and category
counts are more likely to be designed to support mitigation of misclassification on the final index calculation, than
to utilize for retraining models. However, we compared these methods to evaluate how well classifier
performance improved if these methods were also trialed individually for ML model retraining. We observed a
similar impact on overall accuracy compared to random flagging, for a comparable proportion of new products
flagged each reference period.

We evaluate all four different flagging methods by comparing the F1 score to the total fraction of new products
flagged for review. The minimum sample weighted F1 score, for all reference periods in the 24-month production
window is plotted on the y axis, compared to the fraction of new products that are flagged on the x axis (Figure
19). In general, flagging a higher percentage of new products improves the overall class F1 score, for the same
method. Methods with higher F1 score at lower fraction of products flagged, are comparatively more efficient at
finding misclassifications. Expansion of findings such as these, NSOs can estimate either the labelling effort
required to achieve a minimum F1 score, or the F1 score that can be expected given a fraction of products flagged,
for each method. Ultimately it will be up to the NSOs to balance the trade-off between classification performance
and labelling budget when implementing a flagging and review protocol in production.
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Figure 19: Empirical Performance of Different Flagging Methods
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4. Discussion

This research has shown through an empirical case study that misclassification errors are important to consider by
focusing on the key aspects of applying ML into production. Firstly, as labelling creates datasets that are used for
ML model training or re-training, designing a robust process is key, as annotation processes can be expensive from
a resource point of view. Our findings validate and build on previous studies (Greenhough, Martindale and Sands
2022), showing that while annotators are overall quite consistent, additional resource allocation could be directed
towards categories known to be more heterogeneous and subjective compared to other categories that need less
investment. For instance, classes where human annotators traditionally perform well can potentially be annotated
or reviewed by a single individual, whereas more difficult classes should be reviewed by multiple annotators.
Furthermore, understanding the categories for which disagreement exists between human annotators could be
utilized to improve the class hierarchy over time, such as by modifying class definitions to remove ambiguity.

Even once high performing models are trained on high quality data, misclassification will still occur. Hence our
experiments on the impact of misclassification on a representative elementary aggregate in one reference period,
or over time on one elementary index, provide justification for utilizing high performance classifiers and validating
predictions in production. Specifically, results from the misclassification experiments show that the introduction of
misclassifications can introduce both bias and variance into the underlying index calculation. Furthermore,
simulated misclassifications demonstrated that though both precision and recall are important metrics;
maximizing class precision, is most important for minimizing bias in the index for a specific class. These findings
could be useful in designing a review process for production, allocating review efforts to ensuring high class
precision for the most important, in scope, classes. Additionally, results from our representative use of a price
index showed that while the index was tolerant to moderate misclassification, it still deviated from the true index.
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Further research is needed however to evaluate sensitivity of multiple price index methods to varying levels of
misclassification and provide a comprehensive picture.

Given the impact of higher levels of misclassification on a price index, minimizing model degradation over time is
key. Our results demonstrate that model degradation over time occurs, however it can be addressed through
periodic refitting, using new products that have been reviewed. In our experiments, even refitting every three
months, adding at least 10 percent of new products to the training dataset, was sufficient to obtain classifier
performance similar to the base case of refitting with 100 percent of new products. While these findings are
specific to our dataset, and may not generalize perfectly, they should serve as a useful guide for other similar
datasets. At the same time, in the absence of quality control, the quantity of misclassified products will gradually
increase over time as new products enter the sample and old products exit. Flagging and reviewing products are
required to correct misclassifications, evaluate model performance, and refit the classifier model. In our
experiments we have the benefit of knowing the true class of all products; in a production setting this is not the
case; the true class is only ever known for those products that are flagged and reviewed by a human annotator.

Once a validation process is utilized to quality control the prices index and utilize this dataset as feedback to
retrain the model, NSOs face a question of which outlier method is most applicable to utilize in a retraining
dataset. Our experiments showed that model uncertainty was effective at catching many misclassified products
and outperformed random flagging for use in retraining models. At the same time, uncertainty flagging may
introduce bias into the classification model, if exclusively used for model refitting, a topic that is outside the scope
of this research and needs to be evaluated in more detail. Furthermore, products flagged using model uncertainty
are not appropriate for an unbiased estimate of model performance. As such, we recommend to additionally flag a
portion of the dataset randomly to use for unbiased model evaluation.

Additional flagging methods may be appropriate, depending on operational requirements. Our experiments tested
flagging based on product count and price outliers. Though experiment results suggested that these methods were
no better at detecting misclassified products for model retraining purposes, these methods should still be part of a
robust flagging strategy in a production setting, flagging products that are most likely to be impactful on the final
calculated index.

While the specific flagging methods tested in this work may not provide complete evaluation of flagging methods,
we hope that the approach and framework developed will prove a useful starting point for future work. Additional
development of price flagging, as well as consideration for weights, in scanner retailers are some specific areas for
future work. In the future, a wide array of different flagging approaches can be considered; it is important to keep
in mind that no single flagging method will be capable of meeting all production needs and a combination of
different methods will likely be required.

5. Conclusion

While the research contributes to the literature on misclassification within consumer price indices, there are
several limitations worth noting that could guide further research on the topic. Firstly, the authors are not aware
of a theoretical framework for the analysis of the impact of misclassification on price indices calculated using
alternative data sources. Furthermore, a comprehensive study showing how each price index or extension method
is sensitive to misclassification could support the conversation on index choice. Secondly, an expansion of the
research to scanner data and longer time horizons would benefit the understanding of how misclassification could
build over time and how other variables, such as product weight, could be utilized as part of outlier detection
when attempting to mitigate misclassification. Thirdly, as NSO adoption of alternative data means that the volume
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of new products would be quite high and require considerable resources to maintain manually, a targeted study
on how multiple outlier flags could be combined in an optimal way to balance investment into validation and index
accuracy would be beneficial to demonstrate how production processes could be designed. Finally, we note that
the retailers studied in this work had moderately homogeneous product lines. We expect that the impact of
product misclassification will be even more important for retailers with vast product lines, for example
department store or big box retailers. In addition, there exists the possibility of other unpredictable shocks and
disruptive events, such as website re-design, which should be considered in the design of a resilient production
system.
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