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1. General introduction

This report provides an overview of the methodological work performed in Workpackage 4 of the Trusted
Smart Statistics - Web Intelligence Network (WIN) project. An overview of the WIN project and its work
packages can be found online at https://cros-legacy.ec.europa.eu/WIN en.

The WIN project focuses on collecting and using webscraped data for the production of official statistics.
A general introduction to the topic of webscraping and using webscraped data -in the context of official
statistics- can be found in the paper by ten Bosch et al. (2018) and in the presentation of Greenaway
(2017). An overview of the most important methodological topics when using Big Data in the context of
official statistics can be found in the ESSnet Big Data (BD) Il report of WPK (Del. K9, 2020). Workpackage 4
of the WIN project is divided into four distinct tasks which are: 1. Quality (led by Austria), 2. Methodology
(led by The Netherlands), 3. Architecture (led by Italy) and 4. Quality Assessment. The first three tasks are
performed by WP4 members. The fourth task focuses on Online Job Advertisement (OJA) data and is
jointly performed with WP2 under their leadership.

When we talk about methodology in WP4 it specifically refers to “the way statistics are produced when
using webscraped data”. Both the order of the steps and the specific methods used in each step are
essential to ensure that high-quality statistics are being produced. Considering the work performed in the
WIN project, it is obvious that, in principle, specific methodological methods are being developed in work
packages 2 and 3, which each focus on producing specific official statistics. The ultimate goal of WP4 is,
based on past experiences in the WIN and other research projects, to identify generically applicable
methods that can be used to produce multiple web-based statistics of high quality. Based on the current
state of the art, this report focuses on three important generic methodological approaches when one
plans to use web-data to produce official statistics. These topics are: i) Sampling, ii) the Webscrape
process, and iii) Methods specific for dealing with webscraped data.

This report underwent two rounds of review by David Salgado. The first review was conducted
approximately one year prior to the final deadline on a partial draft, while the second review focused on
the complete version shortly before the submission deadline. We extend our gratitude to the reviewer for
his positive feedback and constructive comments, which significantly contributed to enhancing the quality
of this document.

1.1 Structure of the report

This report is composed of five chapters. Apart from the introduction, the three major topics discussed
are Sampling (Chap. 2), the Webscrape process with special attention to sources of bias (Chap. 3), and
Specific methods used when dealing with webscraped data (Chap. 4). The final chapter (Chap. 5) is a
discussion on the methodological issues identified. The document ends with a list of references to the
papers and presentations cited.
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2. Sampling

This chapter gives an overview of using sampling-based methods in the context of webscraped data. First,
the use of sampling when annotating webscraped data is discussed. Next, topics on the usefulness of
sampling in the general context of webscraping, during (model-based) estimation, and when only a part of
the population is scraped are dealt with.

2.1 Sampling for quality assessment

In quality assessment, sampling is crucial for evaluating the accuracy of data. This is especially true if
manual annotation should be performed as this labour-intensive task needs to be limited and optimized.
An annotated (pre-labelled) data set is of utmost importance when assessing the quality of automatically
classified data. Ideally, the annotated data set is large in volume and the annotated variables are of high
guality. One obstacle in creating such a data set is the high cost, in terms of time and resources, that
comes with manually annotating a large number of records. To mitigate the costs one can reduce the
volume by creating a sampling design such that certain margins are well represented in the sampled data.
Drawing such a sample can lead to a higher quality given the number of cases to be annotated or to a
lower number of cases given the quality of the accuracy estimates.

The annotated data can subsequently be used as test and training data for i) developing a classification
model or ii) monitoring the quality of automatically classified records. Depending on the choice made, the
sampling design may need to be adjusted. In this chapter, the main focus is on classification.

2.1.1 Sampling design

Given a single classification variables V; with outcome values vy, ..., v (;) the sampling design can be
chosen such that a given quality measure for each dimension can be estimated with a certain degree of
accuracy. For instance, Table 2.1.1 shows the degree of uncertainty when estimating the accuracy of the
classification algorithm for a single outcome category in dependence of the number of annotated records.
When dealing with many classification variables and possibly many outcome values for each variable the
number of annotated records needed to derive a high degree of accuracy can quickly reach tens of
thousands.

This task has been performed for Austria in the WIN-project. The main purpose of the 2nd annotation
round in this project was to measure the accuracy of the following variables

e Location (NUTS - NUTS1 or NUTS2 regions)

e Education level (ISCED)

e Occupation (ISCO 1st digit)

e Economic Activity (NACE - sections)

o Working time (full-time, half-time, not indicated)

The above-mentioned variables have between 3 (Type of Contract) and more than 30 (NUTS2 regions)
categories. Choosing a sampling design by taking the joint distribution of these 5 variables and sampling
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Table 2.1.1. Approximate range of confidence interval for estimating accuracy given different sample
size, assuming that the true accuracy is 50%.

Sample Size Range Confidence Interval
10 +/-37.7%

15 +/-28.66%

20 +/-24.01%

25 +/-21.06%

30 +/-18.99%

50 +/-14.35%

100 +/-9.97%

150 +/-8.09%

300 +/-5.69%

at least some records in each cell would result in annotating much more than 1000 or even 10000
records. Thus this task in the WIN-project aimed for sampling records such that the marginal distribution
of each one of the 5 variables has a given distribution and the overall sample size is equal to n. Tables
2.1.2- 2.1.6 show the expected sample size, given an overall sample size of n=300, for each outcome value
in each of the 5 variables using as location variables the NUTS2 regions from Austria. With this approach
amount of annotated records was kept very low in return the sample size only allows us to measure the
overall accuracy, for each variable independently, to a sufficient degree of precision.

Table 2.1.2. Expected sample size by education level

Dimension ED1 ED2 ED3 ED4 ED5 ED6 ED7 ED8 Not indicated

Education level 33.33 33.33 33.33 33.33 33.33 33.33 33.33 3333 33.33

Table 2.1.3. Expected sample size by occupation 1st digits

Dimension OCl1 0C2 OC3 0C4 OC5 O0OCe OC7 0OC8 0OC9

Occupation 1st Digits 33.33 33.33 33.33 33.33 33.33 33.33 33.33 33.33 33.33

Web Intelligence eEl Funded by -
Network LN the European Union



Table 2.1.4. Expected sample size by economic activity (sections)

Dimension A C D E Q R S T

Economic Activity (Sections) 15.79 15.79 15.79 15.79 .. 1579 1579 15.79 15.79

Table 2.1.5. Expected sample size by working time

Dimension FT PT Not indicated

Working time 100 100 100

Table 2.1.6. Expected sample size by NUTS2 regions (example from AT).

Dimension AT11 AT12 AT13 AT21 AT22 AT31 AT32 AT33 AT34 Not indicated

NUTS2 30 30 30 30 30 30 30 30 30 30

2.1.2 Selecting the sample

The definition of the sample design is only based on the defined distribution by variable, which we will call
margins in this setup {t4, ..., t)}. For our example in the previous sections, these are the tables 2.1.2 to
2.1.6. Furthermore, the inclusion probabilities of each unit is not easily defined by its characteristics as in,
e.g., stratified sampling, where the membership to a certain stratum defines the inclusion probability.
Inclusion probabilities depend on the joint distribution and can be simulated by repeatedly drawing and
optimizing a sample with the below described methodology.

Since a joint distribution is not available for drawing the sample directly, the selection of the sample
becomes an optimization problem. Let f(ty, ..., ty, f:l, e, fM) be an objective function that measures the
difference between two sets of margins,

- the pre-defined margins{t,, ..., ty} and
- the margins of the sample (subset) {ti,...,ty},

then the optimisation problem can be defined as follows

min f(ty, ..., ty, tg, ..., ty)
197}

tl,...,
t1
t,=| :
tr(m)
N
fr(m) = Z 6; 1[recordipart of margin cellr(m)] M = 1,..,.M,r=1,..,R(m)
i=1

5;€{01},i=1,..,N
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where N is the number of all records which can be annotated and 1| represents the indicator function
which equals 1 if the expression in [. ] is true.

Using a heuristic algorithm like simulated annealing we can find a solution to the above problem. The
algorithm goes through the following steps

1. Randomly initialize a sample of size n and set starting temperature T

2. Compare the margins resulting from the sample {t, ..., £}, to the target margins ty, ..., t,, and
calculate the initial value of the objective function Obj, = f(ty, ..., ty, t, ..., ).

3. Randomly add and discard some records from the sample

- Sample with probability according to over- or under-representation in current target
margins {t;, ..., £}

4. Re-calculate {fl, ) fM}. If the difference between sample and target margins is small enough —
stop, otherwise go to 3.

5.  Check if current solution has become better or worse than previous one Obj; < Objg_4

Objs_Objs—l)

—  Accepts worse solution with a probability of exp (— =

6. Cooldown T by fixed factor.
7.  Terminate if maximum number of iterations has been reached otherwise go to step 2

This procedure is available for instance in the R-package simPop, see Templ et al. (2017) (function
calibPop()) which is on CRAN: https://CRAN.R-project.org/package=simPop and on github:
https://github.com/statistikat/simPop

2.2  Sampling in the context of webscraped data

For web-data, it can be beneficial, and especially more efficient time-wise, to study samples (of the
websites) of the population under study. Here, various probability-based samples can be used. When
datasets with unknown inclusion probabilities are used, non-probability approaches should be
considered.

2.2.1 Probability sampling

When dealing with web-data, probability sampling can play a role, especially for estimation. If the process
of deriving a target variable, is not easily scalable, e.g. a statistical classification needs costly manual
intervention or quality control is needed, drawing a random sample from all available units/websites can
be used. The situation is thus similar to a survey where each interview has a high cost and cannot be
extended easily to the full population. There is a rich body of methodology developed for inference from
random samples from a method for the sampling design and the applied estimation can be selected. The
key methodologies are listed in (Sarndal et al. 1992).

Simple Random Sampling

Simple random sampling is the most straightforward method, where each unit in the population has an
equal chance of being selected. This method is ideal when the entire population is well-defined and
accessible and there is no auxiliary information available that would lead to an improved sampling design.
It provides a clear, unbiased representation of the population (Sarndal et al. 1992, Chap. 3.3).
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Stratified Random Sampling

Drawing independent simple random samples from distinct subgroups (strata) of the population. This
approach ensures that all relevant subgroups are adequately represented in the sample, e.g., to control
the precision within such subgroups. This is particularly useful in heterogeneous populations, where the
stratification variables are correlated with the target variables (Sdrndal et al. 1992, Chap. 3.7).

Systematic Sampling

In systematic sampling, every n-th unit beginning with a random start is sampled from a full list of the
population. If the list is randomly sorted, this method is an efficient variant of simple random sampling. If
the list is sorted according to some stratification variables and random within, this is a sampling design
with so-called implicit stratification. Sorting the list according to a numeric variable, e.g. number of page
visits to a website, systematic sampling would ensure a balanced design according to this variable
(Sarndal et al. 1992, Chap. 3.4).

Cluster Sampling

In cluster sampling, a unit is not sampled directly, but a cluster is selected and then all units within this
cluster are part of the sample. In the case of web-data, a cluster can be a subset of adds on a vacation
home booking platform, e.g. geographically. This method is useful when a list of all available units is not
available or is costly to generate (Sarndal et al. 1992, Chap. 4).

2.2.2 Non-probability sampling

Web-collected data can also be considered as a non-probability sample. This means that each unit in the
target population has an unknown (and unequal) chance of being included in the data set. This happens,
for instance, when non-random criteria like availability, geographical proximity, or expert knowledge are
used in the data collection process. The methods applied to deal with the unknown inclusion probabilities
of ‘non-probability’ samples try to limit this effect as much as possible and therefore aim to improve data
quality (Baker et al. 2013, Vehovar et al. 2016, Elliott and Valliant 2017, Wu 2022). Reducing the bias is
the major concern for official statistics (van den Brakel 2019, p. 12). The most common suggested
correction methods considered for these data sources are the following.

Calibration / Weighting

By generating a set of weights for the collected units in the non-probability sample, which match known
population margins, one aims to ensure that the sample reflects the population’s distribution of key
variables (Lee and Valiant 2009).

Statistical Matching

Here, the general idea is to combine the non-probability data set (A), e.g. a subset of scraped websites,
with another data set (B), either a population or a probability sample. Statistical matching can help to
overcome the limitations of non-probability samples by leveraging information from the second data set
(B) with known inclusion properties. The combined data set produced is a synthetic data set in which
matched variables common to both data sets are used. In other words, the target variables from data set
A are matched to data set B and then either i) traditional estimation methods for probability sampling are
used or ii) if data set B includes the full population, it can be used directly for estimation (Baker et al.
2013).
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Propensity Score Weighting

Based on a set of auxiliary variables, the probability that a specific unit is part of the non-probability
sample is attempted to be estimated. The inverse of this probability can be used in weighted estimation
to compute population estimates. To apply this method, some characteristics of the full population need
to be known (Lee and Valliant 2009).

2.3 Selective scraping

Selective scraping, also known as statistical scraping (ten Bosch et al. 2024), focuses on deliberately
scraping a subset of the target population. It aims to collect limited amounts of web-data tailored to
specific statistical needs. Unlike so-called bulk scraping, which collects large volumes of data on a given
subject (see, for instance, Daas and van der Doef 2020), selective scraping uses pre-existing knowledge of
the subject to collect specific information on specific units in a more controlled manner. Ultimate goal for
selective scraping is collecting data of a representative set of units for the topic studied.

Statistical offices have the advantage of having wide sets of data available that can be used as a-priori
information for a (selective) scraping process. Examples are statistical registers, classifications, and
administrative data sources. For instance, in the enhancement of business registers, selective scraping is
using known identifiers, e.g. enterprise names or tax numbers, to search for digital traces online, such as
websites, media advertisements, or job postings. This collected data is directly linked to a statistical unit
in the business register and can be used to infer information on for example the economic activity of an
enterprise. The process of selective scraping can be subdivided into three specific phases:

Source Identification

This phase involves identifying the URLs or more generally the sources associated with statistical units,
often using search engines or domain registries. Machine learning models can help select the best
matches by scoring entries in the search results. This part is also referred to as ‘URL finding’ (see section
3.2).

Source Selection

The second phase requires one to decide on which units’ information needs to be collected. This could
involve scraping all URLs linked to a unit or a subset of the linked URLs based on some selection criteria.
For more info on the latter the reader is referred to Deliverable 4.5, section 2.6 (ESSnet WIN WPK, 2024).

Data Extraction and Enhancement

Once relevant sources (URLs) are identified and selected, scraping is performed. Techniques such as
natural language processing interpret the raw text and derive the needed target variables (Daas and
Maslankowski 2023).

In summary, selective scraping tries to simplify the estimation/inference step by starting from a-priori
information. This information, e.g., the link to a unit in the statistical business registers, is then used in the
estimation step. In some webscraping projects, this approach allows for a precise and targeted data-
collection that directly covers the need for specific information and builds on the knowledge of statistical
offices. As such, it can seriously reduce the scraping effort.
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3 Webscrape process and causes of bias

This section provides an overview of the web-based statistical process and important methodological
issues. Each section in this chapter starts with a BREAL business function (ESSnet BD Il, WPF 2019)
followed by a description indicating the specific step discussed. Figure 3 gives an overview of the business
functions distinguished in BREAL. In each section of this chapter, an overview is given of the most
important issues identified and a description of the ‘methodological state of the art’. The topics identified
are generally discussed in the context of their effect on the estimation process as this has been identified
as the most important issue during the P2P WP4 meeting in Vienna (14-15 Feb. 2023).

Figure 3. Overview of BREAL business functions (from ESSnet BD II, WPF 2019).
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3.1 Specific needs: Population frame

Depending on the topic studied the most relevant population frame needs to be used. Two different cases
are considered here, these are: i) Studying businesses and ii) Studying other phenomena.

Studying businesses

In this case, usually, the Statistical Business Register of the NSI is used, certainly when various types of
businesses need to be identified (UNECE 2015). However, even when businesses are studied, this register
may not always fully cover the population. For instance, when a topic is studied that includes considerable
numbers of internationally active businesses or non-profit organizations. In the first case, one has to
realize that internationally active businesses may not be completely included in the Business Register of a
country (UNECE 2015, Chap. 3). Here, additional data may be available in, for instance, the European
Business Register or other worldwide registers (Wikipedia 2023). When non-profit organizations are the
main focus, job-register data or a similar source could be used to identify these types of organizations.
Perhaps, lists of such organizations are available online. Another starting point for identifying websites of
businesses is an as complete as possible list of domain names?! in a country (URL finding 2022) to which

' A uniform resource locator (URL) contains the domain name of a site as well as other information. In, for example,
the URL ‘https://ec.europa.eu/eurostat’, ‘europa.eu’ is the domain name,’eu’ is the top-level domain name (often a
country-code), ‘ec’ is the subdomain, ‘https’ is the protocol, and ‘/eurostat/’ is the path to a specific page on the
website.
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units could be added. The overall goal, in this case, is the creation of a frame with as high as possible
coverage for the units of interest.

Studying other phenomena

When studying other types of units, such as job vacancies (ESSnet BD Il, WPB 2018), the business register
or other administrative registers are not always the best starting point. This is particularly the case when
objects are studied for which no register is available. A literature study revealed various phenomena for
which webscraped data was found particularly relevant. Examples of such phenomena are hospitality
services (Han and Anderson 2021), textile fiber data (Muehlethaler and Albert 2021), ecstasy use (Maybir
and Chapman 2021), and local policy variation (Anglin 2019). In each of these studies, webscraping was
used to collect (as much as possible) data on a particular phenomenon. Without the web, it would be
extremely difficult to study the phenomena in sufficient detail. Depending on the phenomena studied,
preliminary searches were performed to find out if websites with relevant information were available.
Another approach could be to use search engines to find relevant URLs. Depending on the topic of
interest, this could provide interesting information but may not provide a representative overview of the
units involved (Daas et al. 2022). More information on such approaches can be found in the Landscaping
paper of the ESSnet WIN (2023).

3.2 Enrich statistical register: Adding URLs

After a population frame has been selected, there is a need to obtain the link to the website (the URL) of
each unit; if these have not already been included. Several approaches can be used to add URLs here
(Barcaroli et al. 2016).

First, the URLs can be searched for by using a search engine? and, usually, the name and contact
information are used as input. This approach is commonly referred to as the ‘URL-search’ approach and
more details can be found in the ESSnet WIN report on URL-finding methodology (2022). The downside of
such an approach is that multiple URLs may be found for various units, which also depends on the type of
unit (e.g. legal unit, local unit, etc.) for which the website is being searched. As a next step, this usually
requires selecting the most appropriate URL from a number of options. In addition, depending on the
topic studied, not all ‘businesses’ may have a website. For instance, IT and other types of technological
businesses are more likely to have a website compared to farmers and hairdressers. In the latter cases, it
is extremely likely that URL-search approaches will provide considerable numbers of non-relevant URLs
for the businesses at hand. This can, for instance, result in URLs found for businesses that actually do not
have a website. The latter needs to be checked (see below). For some businesses, especially small ones, a
Facebook link may actually be the most relevant link.

Another way to obtain URLs is by making use of lists of URLs provided by other organizations. Examples of
such lists are those produced by i) commercial organizations that actively search the web, such as
DataProvider (Oostrom et al. 2016), ii) information provided by businesses when they register at the
Chamber of Commerce, such as the domain-name part of their mail and/or web-address, and iii) lists
maintained by country-specific or international organizations, such as the organization responsible for the
internet domain registration in a country. Such lists may provide a very interesting starting point from

2 A search engine is a software system that provides hyperlinks to webpages and other relevant information on the
Web in response to a user's query. Examples of search engines are google.com, bing.com and duckduckgo.com.
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which the website specific for the unit of interest can be obtained. The latter requires checking any
information available on the website with those available in, for instance, the Business register. Usually,
Chamber of Commerce numbers and/or address information are used for that purpose (Daas and van der
Doef 2020). Unfortunately, not every website contains that information. In German-speaking countries,
however, business websites need to provide essential business information on a so-called Impressum
page. An Impressum page, which is sometimes called an “Imprint,” contains legally required information
about the business and owner of a commercial website. Because the structure of this page is highly
standardized, it is a very interesting way to collect business-relevant data and check it with any other
information available for a business.

3.3  Acquisition and recording: Scraping the web

After creating a list of (target) population units with their accompanying URL(s), the associated websites
need to be scraped. The ability to scrape a website depends on several (predominantly) technical issues.
First, the ‘scrape-ability’ of the website is an important concern. For instance, a website may not be active
at the specific point in time during which a scrape attempt is initiated. This can be solved by performing
multiple attempts on different days and times. However, some websites cannot be scraped because they
simply no longer exist. The authors have noted that this occurs more often for websites of smaller
businesses compared to larger ones. In addition, the webscrape technique used also affects the success of
data collection. For instance, Daas and Maslankowski (2023) report a 10% increase in the collection of
webscraped data for businesses in Poland when a ‘headless browser’? scraping technique was used
compared to a more direct, simpler, python-based approach. In addition, some websites might even
specifically prevent certain groups of webscrapers to collect data by checking the identifier of a scraper or
via their robot.txt file* (ten Bosch et al. 2018). The combination of all these technical issues may seriously
reduce the percentage of websites from which data can be obtained. For official statistics, it would be
interesting to perform a webscrape comparability study on a standardized large set of URLs to better
understand the effect of these choices, especially regarding their effect on the representativity of the
scraped data obtained. The reader is referred to the paper of Daas and Maslankowski (2023) and the
presentation of Maslankowski and Daas (2023) for more details, which include a complete overview of
the methodological and technical issues identified.

Next is the ability to scrape data from an existing website. Here, several technical issues may be relevant.
Whenever a scraper attempts to obtain data from a website, essential information is provided via the so-
called header of the scraping program to the webserver. The response of the webserver to the scraping
attempt is provided in the form of a code; the so-called HTTP-status code (IANA 2022). Officially, these
status codes range from 100 to 512 but sometimes codes with higher numbers are returned. In Table 3.3
an overview of these codes for a Dutch scraping study, that attempted to collect data from about 900.000
unique URLs, is given. In this table, the code ‘None’ is used to indicate that the scrape attempt failed (no

3 A headless browser is a browser that runs without a user interface. Headless browsers are very popular in scraping
because they can render JavaScript and (programmatically) behave like a browser used by a human. The latter has
the advantage that it is less likely to be blocked and, hence, improves scraping. More on
https://en.wikipedia.org/wiki/Headless_browser.

4 A robot.txt file contains instructions for scrapers regarding the accessibility of particular files on a website. It is
usually used to prevent access to particular parts of a website. More on https://en.wikipedia.org/wiki/Robots.txt.

Funded by

Web Intelligence .
the European Union

Network

13



code was returned by the webserver) and the results for the codes returned are aggregated at 100-sized
intervals. What is interesting to note here is that, starting from a unique set of URLs, a considerable
number of websites re-directed the requests to another URL (codes in the 300s). These codes compose
nearly 40% of all requests. This suggests that a considerable number of requests resulted in data collected
from other URLs than the ones initially visited. Hence, this suggests that potentially a considerable
number of identical (duplicate) URLs could be scraped during the study. In addition, codes in the 400 and
500 ranges generally refer to various client and server errors. These usually result in the inability to collect
data from the website. Overall, 82% of the websites were scraped (43%+39%), and a bit more than 17%
did either not respond (10.5%) or produce an error code (6.7%+0.6%) during this process.

Table 3.3. Overview of the status codes observed in a large-scale Dutch scraping study*

Status codes Amount Percentage (%) Code range | Description

None 147,088 10.5 - | No response

100s 0 0 100-103 | Informational responses
200s 604,826 43.0 200-226 | Successful responses
300s 552,243 39.3 301-308 | Redirect responses
400s 93,567 6.7 400-451 | Client error responses
500s 7,795 0.6 500-530 | Server error responses
Other (>= 600) 245 0.02 600-999 | Other (user-defined)

All 1,405,764 100 -

*A maximum of four scrape attempts, at different dates and times, were used to access a website. When different
status codes were returned during multiple visits, the one with the lowest value was chosen.

The issues mentioned above influence the ability to scrape websites and may introduce a bias in the final
results obtained. Foederer (2023) discusses (part of) this topic, which he identifies as ‘sampling bias’, and
he discerned three major causes: volatility (website change constantly), personalization (websites may
show visitor-dependent information), and unindexed (not all websites are commonly known). Potential
solutions are described in his paper. Marconi (2022) discusses context removal bias. This is bias caused by
the removal of data before it is scraped. Bulk and high frequent scraping may seriously reduce this issue
and is the recommended solution to this form of bias (Daas and Maslankowski 2023).

34 Data wrangling: Extracting features

One usually assumes that any website from which data is obtained can be used in subsequent analysis.
However, this does not have to be the case. In generic scraping, a scraping approach that downloads
complete copies of the HTML-files on a website, sometimes zero-sized HTML files are obtained. Since
these contain no information (as they are empty), the only thing one can conclude is that the website
must be active (otherwise no file would be obtained) and should -very likely- be scraped with a more
advanced webscraping technique. Also, invalid (erroneous) HTML files can be obtained. This issue can be
solved by parsing® the file with an appropriate HTML/XML library, such as Beautiful Soup. This will ensure

3 In the context of the web, parsing is the process of analyzing the string of symbols in an HTML-file to check if they
conform to the rules of the formal HTML syntax.
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that a valid formatted HTML file is stored. Apart from that, it has also been found that some pages don’t
contain enough data to be used in the subsequent (modelling) steps. An example of this is a website
containing a very limited number of words; for example, less than 20 in the study of Daas and van der
Doef (2020). Increasing the number of pages to be scraped from a website (a domain) and combining the
data from these pages is a way to deal with that issue (Daas et al. 2024). In the case of specific scraping,
an approach that focusses on extracting a very specific piece of information from a website (such as the
price of a particular product), it sometimes happens that the specific data searched for can no longer be
found on the website. This is usually the result of a change in the layout of the page (ten Bosch and
Windmeijer 2014). Adjusting the code to extract the required information for the new layout is the
common solution to deal with this situation. An alternative, more general way of dealing with this issue, is
to first scrape the complete HTML page (resulting in a local copy of the file) and subsequently extract the
specific data needed. Such a two-step approach has the advantage that the original HTML page is
available and can be studied to deal with the specific extraction issue.

The kind of features that can be extracted from webpages may seriously affect to ability by which a
certain concept can be measured. An example that does not suffer from this issue is the price of a specific
product. As long as the price is similar for the on- and off-line sold products and the product can be
identified without a doubt (Cavallo and Rigobon 2016), this is a non-issue. However, indirectly measuring
the concept of interest (Daas 2023), such as innovation based on website texts (Daas and van der Doef
2021) or vacancies from online job advertisements (Beresewicz and Pater 2021), is much more
challenging. Here, an association with the concept of interest needs to be derived in an as much as
possible stable and reproducible way (Daas 2023). The study of online platforms is an example of a study
in which the concept being measured by a Machine Learning model was confirmed via the response to
guestionnaires sent to (part of) the population of businesses studied (Daas et al. 2024). The downside of
indirectly measuring a concept, is that drift, generally referred to as concept drift, may occur which
requires a regular check of the association over time (see section 4.5). Some concepts are more sensitive
to this than others. For instance, in a Dutch study, ‘Innovation’ started suffering from this after 6 months
(Daas and Jansen 2022) while ‘Online platform’ detection (Daas et al. 2024) has been found stable for (at
least) 4 years.

3.5 Modelling and interpretation: Model-based estimation

Usually, the data collected from the web is used to produce a model-derived estimate. Here, both
traditional and machine learning models can be used. Especially in the latter case, various important
sources of bias have been identified (Puts et al. 2022). Here, the effect on binary classifications is used as
an example. In the latter case, the ratio of false positives (type | errors) and false negatives (type Il errors)
produced by the model (Meertens 2021) and the effect of the ratio of the positive and negative cases
used in the training phase of the model (Puts and Daas 2021) both affect the outcome. Both can be
corrected by a single method, described in Puts and Daas (2021). In the latter reference, a maximum
likelihood estimator for the true proportion of positives in data sets is described and has been shown to
produce an unbiased result. The reader is referred to section 4.6 for more details.
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4 Methods specific for webscraped data

4.1 Enrich statistical register: URL matching

As a first step prior to scraping, to each business, a URL of its website needs to be added. This topic is
specifically studied in WP3 of the ESSnet WIN (2022).

4.1.1 Direct URL search

When no other sources of information are available, the best way to obtain URLs for a set of businesses is
by performing a URL search approach (ESSnet WIN 2022, Barcaroli et al. 2016). Here, the URL of a
business is searched for by using a search engine, often Google or Bing, and a set of identifiable
information for the businesses. The latter is usually the name and country but sometimes address
information and other variables, such as an email address or phone number, are additionally included.
The work of van Delden et al. (2019, Chap. 4) describes implementing such an approach in great detail.
Here, the search results returned are a list of URLs, usually ten, from which the best candidate needs to
be selected. For this task, a machine learning model was developed. The best result obtained had an F1-
score of 84% (van Delden et al. 2019).

4.1.2 \Via external data sources

Since June 2019, Statistics Netherlands has received a list of active URLs found for Dutch businesses from
DataProvider (DP) on a monthly basis. DP is an external company that searches for URLs worldwide.
Statistics Netherlands links these URLs to legal units in the Dutch Business Register. The linkage method
works as follows: first, some basic text cleaning is applied to standardize the variables in both data
sources. Next, all entries in both data sources are compared. A selection of variables, shown in Table 4.1.2
is used in this comparison. Each pair of identification variables is assigned a weight (original weight, third
column of Table 4.1.2), that is added to the total linkage score when the values of the pair match. This
total score is subsequently used as input for a function to generate a confidence score between 0 and 1
(linkage probability function). The confidence score is an estimate for the probability that a ‘DP-URL —
legal unit’ pair is a true link or not. The accuracy of the approach was found to be 92% (Stateva et al.
2022).

Table 4.1.2. Variables used for URL-matching (from Del 3.2, WP3)

Dataprovider (DP) SBR (Legal units) Original weight Updated weight
CoC-number* CoC-number 500 5.02
Hostname Website 500 1.67
Domain Website 400 5.20
Email Email 200 1.86
Secondary Email Email 100 1.16
Zip code Zip code 100 0.71
Telephone Telephone 200 1.00
Secondary Telephone | Telephone 100 -0.48
Telephone Mobile 200 1.78
Secondary Telephone | Mobile 100 0.42

*CoC-number = Chamber of Commerce number
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Results of a detailed check of the quality of random samples of SBR-units and the development of a
Logistic Regression model resulted in Updated weights (column four in Table 4.1.2) which made the
model easier to maintain with the same linking quality (for more details, please see Stateva et al. 2022).

4.2  Acquisition and recording: Webscraping

Webscraping is the methodological process of collecting data from websites using automated tools or
scripts. When conducting webscraping, it's essential to follow a structured methodology to ensure that
the data is collected correctly, efficiently, and ethically. The following (intermediate) steps always need to
be considered when performing any webscrape activities

4.2.1 Preparation:

Define objectives: Clearly define the purpose and objectives of the webscraping project. What data is
needed and what is it used for? This step guides the scraping effort. Here, it should be determined if
complete HTML pages need to be collected (generic scraping) or if specific information from webpages is
needed (specific scraping). See Scannapieco (2018), slide 10.

Choose tools and libraries: Select appropriate tools and libraries to be used for webscraping. Popular
choices are Python libraries such as BeautifulSoup, Scrapy, and Selenium. Sometimes large-scale oriented
webcrawlers, such as Apache Nuts, or other webscraping platforms, such as Octoparse or ParseHub may
be valid options. Using a headless browser is another option to be considered.

Identify some target websites: Create a short list of websites from which you intend to scrape data. This
list will be used to test the code. Also, ensure that the webscraping activities comply with the website's
terms of service and legal regulations.

4.2.2 Actual scraping:

Set up data collection: Write code to send HTTP requests to the target website's servers. Use web-
scraping libraries to parse the HTML content and either store the complete page or extract the relevant
data and store it. Test the code on the short list of target websites.

Handle authentication and session management: If the website requires authentication or session
management (e.g., cookies), implement the necessary procedures in your webscraping code.

Understand website structure: For specific scraping, analyse the structure of the target websites. Identify
the HTML elements containing the data you want to scrape, such as divs, tables, or specific CSS classes.

Handle pagination and navigation: If the target website has multiple pages or a complex navigation
structure, develop code to navigate through pages and collect data from all relevant sections.

Error handling: Implement error handling mechanisms to address issues such as connection errors,
timeouts, or changes in the website's structure.

Data storage: Decide how and where the scraped data is stored. Common options include (local)
databases, CSV or JSON files, or cloud storage services.
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Testing and validation: Test your webscraping code thoroughly to ensure it collects accurate and
complete data. Make sure to test the code on a large list of URLs. Validate the results against manual
checks if possible; use a random sample for that.

4.2.3 After initial scraping

Monitoring and maintenance: Set up monitoring systems to detect changes in the website's structure that
may break the scraping code. Regularly update and maintain your code as needed.

Feedback and iteration: Ask for help if needed, be open to feedback, and continuously improve the
scraping methodology to adapt to changes in website structures or data requirements.

Documentation: Document the scraping methodology used, including the websites scraped, the data
collected, and the code used. This documentation aids in transparency and reproducibility.

4.2.4 Legal and ethical considerations:

Rate limiting and politeness: Implement rate limiting and polite scraping practices to avoid overloading
the website's server with requests. Respect robots.txt files when applicable.

Legal compliance: Ensure that your webscraping activities comply with relevant legal regulations, such as
copyright laws, data protection laws (e.g., GDPR), and anti-bot policies.

Ethical considerations: Respect the website's terms of service and terms of use. Avoid scraping sensitive
or personal data, and be aware of legal and ethical constraints.

Data privacy and security: Protect any data you collect, especially if it contains personally identifiable
information (PIl). Secure your data storage and access.

4.3 Dealing with over- and under-coverage

4.3.1 Over-coverage

It is possible that the list of websites to be scraped contains websites for units not belonging to the target
population. Examples of these are websites of persons or non-profit organizations while studying
businesses. Another example are so-called ‘ghost’ vacancies while studying OJA’s. How one exactly deals
with these units depends on the goal of the study.

In OJA’s, there is over-coverage when some advertised vacancies are out of scope for purposes of official
statistics (ESSnet BD | WP8, 2018). It is important to identify those advertisements as early as possible in
the process. The same holds for non-business websites when, for instance, one is studying enterprise
characteristics. Looking for generic features specific to enterprise websites, such as contact information
and a description of the business is useful here (Barcaroli et al. 2016, Daas et al. 2022).

4.3.2 Under-coverage

When considering scraping websites, we should be aware of the fact that not all enterprises may be
present on the web. Particular types of business (branches) and, especially, small enterprises and self-
employed persons may not be represented well online. Therefore, there is the problem of under-
coverage of particular enterprises in webscraped data.
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A number of OJA-data studies have been performed in the ESSnet BD Il to study the under-coverage of
advertisements (ESSnet BD Il WPB, 2018). Three different approaches have been studied: i) micro-level
comparisons, ii) aggregate comparisons, and iii) measuring the use of advertising channels via the Job
Vacancy Survey (JVS). The outcomes revealed that, for the first approach, micro-unit comparison is very
challenging; linking at the micro-level is messy and difficult. This was mostly caused by the difficulty in
deriving the correct business unit for which the advertisement was collected. Comparison at the
aggregate level was found to be much easier and those findings looked promising. The biggest concern
was deriving the NACE code for the advertisements; private portals were found to usually have their own
taxonomies, which are often only approximately comparable with NACE. The estimates were found to be
close to the JVS-based estimates at the economic activity section and regional levels. This was
independently confirmed by the work of Pedroza et al (2019 ) and Lovaglio et al. (2020). The third
approach involved surveying enterprises and asking specific questions about their advertising channels.
Here, it was found that large businesses are more likely to advertise online compared to smaller
businesses.

An example of using multiple sources to deal with under-coverage, including webscraping, is described by
Young and Jacobsen (2021). In this study, potential under-coverage of the business register was assessed
by using two combined frames and employing capture-recapture methods. The units in the business
register and those in a constructed webscraped dataset were combined by linking the units included in
both. Because record linkage was conducted prior to drawing samples, the sample design incorporated
information from records i) only in the business register, ii) only in the webscraped frame, and iii) in both
frames. After drawing the sample and conducting the survey, a composite estimator was applied that
allowed full use of the overlap design and the sample information to produce survey-based estimates. The
findings demonstrated that making use of a combined list seemed a valuable addition but the overall
improvement could not be accurately determined in the study.

Obtaining a list of all websites that need to be scraped to (as completely as possible) cover the population
studied has been indicated to be one of the most important issues to solve (ESSnet BDII WPB, 2018).
Under coverage is much less of an issue when the Business Register is used as the starting point (ESSnet
BD Il WPC 2019, Daas and van der Doef 2020).

4.4  Validation: Deduplication of units

Certainly, when multiple data sources are used, data from the same websites/units/objects may become
included more than once. This could be the result of URL redirection (see section 3.3), multiple businesses
with the same website (such as franchises), or the fact that the same text, such as a job advertisement,
occurs on multiple websites. It is recommended to deal with these duplications as they may negatively
affect the findings obtained (Stateva et al. 2020).

Deduplication is an important and challenging issue for OJA’s. As mentioned before, one and the same job
vacancy can be published in several different places on the web. So it is necessary that adds for the same
vacancy and workplace are identified and that all duplications are removed. An important way to deal
with this issue is pre-processing of the texts and combining the cleaned OJAs data with administrative
sources, e.g. job vacancies data from the Public Employment Agencies at the national level (if available).
Although the OJA-data may still be unstructured at this stage, as a consequence of the pre-processing
steps, the data will become more and more structured. This process is not linear and contains many cycles
as findings at the end of the chain may initiate the need to improve some, or a number, of the previous
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step (ESSnet BD Il WPB, 2019). To make it even more complex, sometimes an OJA can contain adds for
multiple jobs. Each of them needs to be extracted and checked for duplicates.

For scraped webpages, duplicates can also be a major concern, especially when machine learning-based
models are produced. When duplicate pages occur in both the training and test set, the metrics used to
indicate the performance of the model will be overrated. Hence it is recommended to check and

deduplicate the combined training and test set (for the features) included prior to model development.

4.5 Validation: Concept drift detection

When a model is developed to measure a specific concept it is important to regularly check if the model is
“still measuring what it is supposed to be measuring”. This is especially relevant when concepts are
indirectly measured (Daas 2023). Any decrease in the accuracy (or any other metric) is usually described
as concept drift, although model degradation is probably a better description (Daas and Jansen 2020).

Concept drift can be generally described as “a phenomenon in which the statistical properties of a target
domain change over time in an arbitrary way” (Lu et al. 2019, p. 2347). Formalized, this implies that
P.(X,y) # Py 1(X,y), where P(X, y) is some joint probability distribution of feature vector X and labels
y at time point t. Subscript t refers to the time point right before the joint distribution of P(X, y)
changes. Subscript t + 1 then denotes the time point at which the joint distribution of P(X,y) has
changed, and concept drift has arisen. For the reader, it might be interesting to know that in essence
three probabilistic forms of concept can be defined (see for more details the paper of Lu et al. 2019), but
these are somewhat less important for the remainder of this paragraph.

Let’s start by assuming one has developed a model, based on webscraped data collected at time point ¢,
with a particular accuracy; Accuracy;. If all is done well, the accuracy is obtained from an independent
test set, e.g. using data not included while training the model, and the accuracy value is the mean (u) of a
1000 independent test sets; hence N = 1000. This indicates that the standard deviation (s) can be
determined for this large set of accuracy values. When one wants to check if - at a certain point in

time - model degradation has occurred, the simplest approach is to scrape the complete set of websites
used for model development (i.e. training set + test set) at the new time point. This results in data for t +
1, which needs to be processed in exactly the same way as the data collected at the previous time point.
Next, the model, trained on data of time point t, is applied to the newly collected and processed data
collected of t + 1. Assuming a normal distribution of the accuracy values, concept drift/model
degradation has occurred when the metric of choice (accuracy in our case) at t + 1 deteriorates. This
means that, for the single accuracy measurement of the t 4+ 1 dataset, one has to determine the
probability that the new value belongs to the distribution of values (of size N) observed at t. Because only
lower accuracies are a concern and u and s are the result of 1000 measurements, this means that when
the following statement is true:

Accuracy;y1 < p—196-s

it is highly unlikely that the accuracy value found is from the same distribution; this makes it likely that
concept drift has occurred.

A more detailed concept drift analysis can be performed by individually checking the outcomes for the
identical set of websites, i.e. those successfully scraped at both t and t + 1. For classifications, the results

Funded by

Web Intelligence .
the European Union

Network

20



of the websites included in both datasets can be compared in a confusion matrix. This enables one to
derive multiple metrics and obtain additional insights on the difference observed.

4.6 Modelling and interpretation: Correcting for model-induced bias

Depending on the topic studied, the application of machine learning (ML) based models may resultin a
biased estimate (ESSnet BD Il 2020, section 6.6). From the work of Wang et al. (2023) it becomes clear
that carefully trained ML models do not have to suffer from bias; provided that sufficient auxiliary
variables are included in the data and model. However, this is not always possible. We will start by
discussing model-induced bias in the context of a binary classification.

4.6.1 Model-induced bias: Binary classification

Here, bias correction is discussed with the most simple example of a model-based approach in mind, that
of a binary classification model. An example of this is the detection of certain types of businesses based
on website texts. For this task, a model is going to be developed that, based on the texts on a website,
aims to determine if the business is either a positive or a negative case.

When texts are used as input, it is fairly standard nowadays to make use of ML algorithms. These
algorithms are trained to obtain a classification model that performs the task as well as possible. Training
is commonly done on a dataset for which the classification outcome is known. This is known as supervised
learning. From such a dataset, a random sample is drawn - often around 80% - on which the model is
trained. The ultimate goal of training is to produce a model that is able to identify the positive and
negative examples included as accurately as possible. How well the model actually performs is
independently determined by applying it to the remaining, unselected, examples; this is the so-called test
set (in our example composed of the remaining 20%). During training, a specific metric is chosen on which
the classification by the model is optimized. Let’s, for the sake of simplicity, choose Accuracy in this
example. The latter means that the number of correctly classified positive and negative cases of the total
number of cases classified is used to determine how well the model performs. For a binary classification
task, the well-known confusion matrix (Table 4.6.1) is usually used to obtain the values needed. A
confusion matrix contains the correctly classified cases, i.e. the so-called True Positives (TP) and True
Negatives (TN), and the erroneously classified cases, e.g. the so-called False Positives (FP, Type | errors)
and False Negatives (FN, Type Il errors).

Table 4.6.1. Confusion matrix for a binary classification task

Predicted class

Positive | Negative

(1) ()

Actual Positive True False
class (1) Positive | Negative
Negative False True
(0) Positive | Negative
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Based on the confusion matrix, Accuracy is calculated as:

(True Positve + True Negative)

Accuracy =
Y (True Positive+False Positive+True Negative+False Negative)

The ultimate goal is to develop a classification model of the highest Accuracy possible. However, it is to be
expected that not all cases will be correctly classified, which means that a number of False Positive and
False Negative cases remain. When the number of False Positives is not equal to the number of False
Negatives, this will negatively affect the model-based findings. This phenomenon has been described as
misclassification bias (Meertens 2021, Chap. 1). In addition, if the proportion of positive cases in the
training set (and obviously also in the test set) differs from the proportion of these cases in ‘real world
data’ (on which the model will be eventually applied), this will also introduce a bias (Puts and Daas 2021).
This bias is described as proportion bias in this document. Both biases are discussed in more detail below.

Misclassification bias

Dealing with the misclassification bias essentially focuses on correcting for differences in the numbers of
False Positives and False Negatives cases produced by the model. This, for instance, occurred in the
innovation detection model described by Daas and van der Doef (2020). In order to correct for this bias,
estimates of the algorithm’s (mis)classification probabilities are needed. These can be obtained from the
confusion matrix results of the test set. Here, it is assumed that the misclassifications are independent
across objects and that the (mis)classification probabilities are the same for each object, conditional on
their true class label. Also, it is assumed that the test set used is a representative sample of the target
population (more on that below).

With this classification-error model in mind, the probability that the algorithm predicts an object of class 1
correctly (TP) is denoted by p;; and the other probabilities TN, FP, and FN are defined analogously; i.e. as
Poo, 1-p11, and 1-pgyo, respectively. The classification probabilities pyg and p;; are not known, but can be
estimated by using the results for the test set. For a test set of size n, with the notation shown in Table
4.6.2, the classification probabilities are then estimated by: Byg = ngo/no+ and P11 = nq1/nq4. Asimilar
notation is used for the target population of size N.

Table 4.6.2. Confusion matrices for the test set (left) and target population (right).

Predicted class Predicted class
1 0 Total 1 0 Total
1 N1 Nyo N+ 1 Ny Nyg Ny
Actual class 0 Ng1  MNoo Moy Actual class 0 No1 Ny Ny,
Total Ny,  Nyg n Total Ny1 Ny N

Furthermore, the base rate for the target population («), which is the proportion of data points for which
the observed class is equal to 1, is defined formally as: x= Ny, /N. From this, it follows that the base rate
can be estimated from the test set as: X = n,,/n . Hence, correcting for the misclassification bias is
composed of determining i) the base rate of the model and ii) the bias caused by the number of false
positives and false negatives produced. Both can be estimated from the test set results.
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From the work of Meertens (2020, Chap. 3) it becomes clear that the misclassification bias can best be
corrected for by using the calibrated base rate (X,):

=~ s M1 =\ N0
X,= X" —(1-&")—
o= & Il -&) G)

The required ‘classify-and-count’ estimator ( X*) in (3) is obtained by:

&K'= (ny4/n) (Mgo/Mos + Ny1/M1y —2) + (1 — ngo/No4) (4)

The reader is referred to Meertens (2020) for more details.

Proportion bias

Additional classification model research revealed that binary classifiers trained on a certain proportion of
positive items introduced a bias when applied to data sets with different proportions of positive items.
Since the latter is usually not known, this topic was initially studied with simulated data. The effect of this
difference is illustrated in Figure 4.6. From this figure, it becomes clear that a solution had to be
developed. Hence, the challenge was to solve this issue based on the limited information available in the
test set.

The bias correction method developed is described in Puts and Daas (2021) and makes use of the
probability distribution for the positive and negative cases in the data set used for model development.
Hence, the correction method can only be applied to classification models that are able to produce
probability estimates as output. Examples of these are Logistic regression, SVM, Randomforest, and
Neural Networks (MPLC). Here, the starting point is a data set (T) where X is the domain of all feature
vectors, and the outcome of the model is a probability of being a positive case with features x (x € X).

Figure 4.6. Estimates of the proportion positives in simulated data for (a) models trained on 25% (blue),
50% (orange), and 75% (green) positives against their true proportion and (b) after applying the
correction method developed.
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Using Bayes theorem, it becomes apparent that:
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P(x|+,T)P(+|T)

B = P(+]3,T) = “ELDX (5)

Note that all probabilities are conditional on T. When T is representative for the population, P(+|x, T)
should also be representative; i.e. the model should have learned the right features. However, it is not
known if the proportion of positive items, P(+|T), in the dataset is representative. Hence, the question is
‘how to get a good estimate for the proportion of positive items?’ Let the unknown proportion positives
in the data be denoted by 7, then the probability of a score b given the proportion m given T is:

P(b|m, T) =nP(b|+,T) + (1 —m)P(b|—,T). (6)
Bayes’ law gives the probability of it

p(b|m, T)p(m)

P(rlb,T) = == 5 (7).

Assuming P(m) is uniform and P(b|T) is a normalization constant, this can be formulated as a likelihood
function, which, over the complete data set (B < {b(x)|x € X}), is equal to:

L(r|B,T) = [Ipeg P(b|7, T) (8)
From this, the maximum likelihood estimate for m is:
i = argmax, L(m|B,T) (9).

The reader is referred to Puts and Daas (2021) for more details. The code is available on Github (Puts
2023). The method described in this section also corrects the misclassification bias mentioned in the
previous section.

4.6.2 Other selectivity-based correction approaches

The methodology applied above is specifically developed to correct for model-induced bias in a binary
classification context. However, there are other (potential) causes of bias (Groves and Lyberg 2010) that,
for a large part, can be solved by the traditional bias (selectivity) correction methods used in official
statistics. Certainly when survey data forms an important part of the data used, (standard) survey
methodology can be applied. It stands to reason that this methodology need not be discussed in much
detail here. Readers are referred to Sarndall et al. (1992), Beresewicz et al. (2018), and two Makswell
project reports (2020a, 2020b) for more details on those views. However, the reader also needs to realize,
that when Big Data is used information needs to be reliably extracted from the latter source to enable the
application of the survey-based methodology. The reader is referred to section 3.4 for a specific overview
when web-data is used (for a more general overview see ESSnet BD Il 2020, section 6). It suffices here to
discuss a number of interesting examples observed during the literature review. Since the composition of
the units for which website data is collected may differ from that of the target population, there is a need
to apply correction methods that (aim to) solve these issues. Certainly when the differences are related to
the target variable studied.

In the study of Daas and van der Doef (2020), three important correction methods were applied to
determine the number of large innovative companies based on the text on the main page of their
website. First, the model-based classification results were corrected for the bias resulting from the model
developed. Here, it was observed that the number of False Positives (Type | errors) and the number of
False Negatives (Type Il errors) of the model were unequal, which negatively affected the estimate of the
number of innovative companies; see Meertens (2021) for more details. Correcting this imbalance
resulted in an increase in the number of large innovative companies. Next, a correction was applied for
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websites that contained less than 20 words after processing. Since it was found that model-based
classification results were unreliable when less than 20 words remained, these pages could not be
classified by the model. A detailed study of those webpages revealed that no particular types of
businesses dominated this (sub)group. Hence, it was assumed that the of ratio innovative and non-
innovative businesses for this subset was similar to those already classified. This also increased the
estimate. Finally, the number of innovative companies without a website was determined; the
Community Innovation Survey-based results already indicated that such a group existed. Here, it was
found that 0.1% of the innovative businesses included had no website, correcting for it slightly increased
the estimate. In the end, the estimated number of large innovative businesses in the Netherlands based
on the survey and on website texts were found to be nearly identical; they were 19,916 +680 (survey) and
19,276 £190 (web) respectively (Daas and van der Doe, 2020). The latter finding suggests that the most
important causes of bias were identified and appropriately dealt with.

OJA work found that correction at the micro-level is challenging. This was mainly caused by the difficulty
of linking the webscraped job advertisements to the relevant businesses. This obviously limited the
success of any correction methods applied.

An interesting example in the context of selectivity is described in a German study on the location of
businesses with a website (Thonipara and Haefner 2023). This study used the fact that a business has a
website as a proxy for the degree of digitalization of the respective business. The work revealed that
having a website is highly correlated with the location of the business. Businesses located in urban areas
were almost twice as likely to have a website compared to those located in rural areas. They therefore
suggested including the NACE code of businesses in any future website based studies.

4.7 Dealing with very dynamic population changes

Nowadays, for the Consumer Price Index (CPI), webscraped prices of particular or ranges of products are
used by many National Statistical Institutes (Belchev and Lamboray 2021). Meaningful price indices can
only be computed when the products used are homogeneous (Chessa 2016). However, especially for data
on supermarket products - whether collected via the web or obtained as scanner data - it has been
observed that the composition of (the population of) these products is very dynamic. Use of these
products and their properties can be hampered by the occurrence of so-called “relaunches”. The latter
refers to barcode changes of products repositioned in the market. However, often a relaunch caused
barcode change does not actually indicate an ‘actual’ change of a product. Hence, in many cases, the
characteristics of a product, such as its composition and use, have not changed. However, the fact that
the barcode has changed means that the former code (which disappeared) and new (reintroduced) code
must be related to correctly capture any price changes of that particular ‘product’.

Chessa has studied how (the effect of) the relaunches of products affect the CPI calculation for the
Netherlands. In this work, it is suggested to focus on forming so-called homogeneous groups of products,
e.g. a group of relaunched products (Chessa 2016). The latter can be achieved by using retailers’ product
codes (Stock Keeping Units) and/or through item characteristics and may need expert involvement. In his
2021 paper, Chessa (2021) describes a method that groups ‘barcodes’ into strata (‘products’) by balancing
two measures: an explained variance (R squared) measure for the ‘homogeneity’ of the ‘barcodes’ within
products, while the second expresses the degree to which products can be ‘matched’ over time with
respect to a comparing period. The resulting product ‘match adjusted R-squared’ (MARS) combines
explained variance in product prices with product match over time, so that different stratification
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schemes can be ranked according to the combined measure. The MARS method uses the proportion of
explained variance in product prices, relative to the total variance in item prices, as a measure of product
homogeneity. The contribution of each product (k) or item (i) is weighted by the quantities sold. This
yields the following weighted R-squared measure:

ke aE(BE - p)°
= 2
Ziect Qi,t(Pi,t - Pt)

Rt

Where k is the product, K the set of products, t the period (month), G the group of items, ¥ denotes the
number of items sold for product k in month t and g; ; denotes the items i sold in that month. The price
of an item i sold in month t is denoted by p; ; and p¥ denotes the unit value for product k in that month.
Note that R¥ = 0 when all items are combined into one product and R¥ = 1 when each item is a
separate product. The MARS method has been applied to a broad range of product types and
demonstrated positive results (Chessa 2021).

When there are many relaunches of products, the price changes of strata should preferably be used for
the relevant products. By using quantity weights for strata of products, direct indices can be calculated,
based on prices and quantities of the products in each stratum, with respect to the base month. To better
deal with these changes, a new index method was introduced; the so-called Geary-Khamis method
(Chessa 2016). This method is more adequately suited to deal with the effects of including relaunched
products. The Geary-Khamis method helps track price changes while considering product replacements or
relaunches. It calculates average prices in a way that ensures fair comparisons over time and regions,
even when product availability is heterogeneous. It improves the accuracy of the price index and ensures
that shifts in prices closer reflect actual changes rather than technical changes to product listings.

4.8 Filtering methods for Online Job Advertisement data

Online Job Advertisement (OJA) data is available on the web and can be used to obtain information on the
job market. The paper of Beresewicz and Pater (2021) provides an overview of the findings of a large pan-
European study on inferring job vacancy statistics from large amounts of OJA’s. This was promising and
challenging as the OJA-based results significantly differed from the official job vacancies for the countries
studied. The study recommends taking a subsample of the online collected data, for instance by filtering
out a part of the advertisements, so the remainder will be (more) suitable to predict job vacancies. The
findings indicate issues with the representativeness of the OJA data and try to deal with them.

Representativity of OJA data was specifically investigated in a separate study (Napierala et al. 2022). Here,
OJA data was compared to two external data sources: the Labour Force Survey (LFS) and the Job
Vacancies Survey (JVS), which are available in most EU countries. The conclusion of this study was the
following:

“... this comparison suggest that both the sources of information used as a benchmark for carrying
out this evaluation [LFS and JVS] also have their weaknesses. The reliability of information
collected in surveys is heavily dependent on response rates, which in turn rely on various factors
(e.g. willingness to participate in a survey). Moreover, the methodology of JVS is not homogenous
across Member States, which also impedes comparisons. Lastly, the analysis indicates that none
of the three sources of information allows precise estimates on the number of vacancies to be
derived.” (from Napierala et al. 2022, p. 4).
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This is an interesting conclusion indeed. The reader should realize that the units compared in the study of
Napierala et al. (2022) are the vacancies and online job adds and that these units are not the basis for the
sampling procedures applied in the LFS (households/persons) and the JVS (enterprises), respectively.

OJA data can be of particular interest when studying specific topics, such as the skills or prior experience
required for specific jobs or the emergence of new skills. For such and other applications, filtering
methods have also been suggested (Napierala 2023, Napierala et al. 2022). Here, subsets of OJA data are
obtained by either selecting job adds with specific words, such as data scientist, or removing specific adds,
such as apprenticeship or training opportunity adds. The latter are, from a statistical and labour law
perspective, not defined as a vacancy (Beresewicz and Pater 2021).
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5 Discussion

This document provides an overview of the methodology of using webscraped data for official statistics.
This process starts with defining a target population and ends with producing statistics based on web-
data. The most important methodological issues identified are related to sampling, causes of bias, and
methods specifically developed for dealing with web-data in the statistical process. Each topic is described
in a separate chapter.

The sampling chapter (Chap. 2) discusses issues relevant to the need to obtain a subset of URLs and
indicates the pros and cons of sampling-based approaches. One of the topics discussed is the difference
between probability and non-probability-based approaches. The former has the advantage that the
inclusion weights of the units are known while this is certainly not the case for the latter. Methods for
dealing with non-probability samples usually tend to ‘derive’ weights for the units included by obtaining
information from other data sources or by using (expert-based) assumptions. It is a topic of current
research (Boyd et al. 2023, Golini and Righi 2024). Another topic discussed in this chapter is bulk vs.
selective scraping. Selective scraping has the major benefit of reducing the amount of work required but
must ensure that data for a representative part of the target population (for the topic studied) is
collected.

Bias is a major concern when using webscraped data. Chapter 3 provides an overview of each step in the
statistical process that this data goes through. Apart from methodological issues, any technical
considerations that affect the latter are additionally discussed. This results in an overview of each step in
the webscraping process and all the relevant methodological considerations in relation to their effect on
the bias of the estimates obtained. A more detailed overview can be found in the recently published
paper of Daas and Maslankowski (2023).

Chapter 4 gives an overview of methods that were specifically developed for dealing with the peculiarities
of using (large amounts of) web-based data in the production of official statistics. A literature study was
performed that aimed to obtain an as complete as possible overview of such specific methods. Each
method is described, in a condensed way, focused on the typical problem solved with references to the
relevant literature. It results in a unique overview that cannot be found in any other document to date.

From the above, it becomes clear that webscraping is a very interesting way to produce statistics.
Webscraping:

l. stimulated the development of web-specific legal and ethical regulations

Il. enables the collection of (large amounts of) data that can be used to improve the business
register, improve the quality of already existing statistics, and produce statistics on new
topics.

Il. does not put any response burden on the businesses involved (apart from the low burden on
their website, of course)

V. has the advantage that the data collection step is - for a large part - under control of the
researcher/NSlI.

V. stimulates the development of a new methodology

VL. when performed routinely, requires the need for a dedicated webscraping infrastructure.
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From the above, it is clear that webscraped data provides some major advantages for NSls, specifically for
Business-related statistics. Webscraping not only reduces the response burden but has the additional
advantage that, for many of the business units of interest, more recent data can be collected at regular
intervals. This is expected to not only improve the quality of the statistics produced but may also
stimulate the development of new statistics (at relatively low additional costs). Webscraping has a great

future indeed!
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