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Abstract

This paper examines the potential of Google Trends (GT) data to nowcast the

United Kingdom’s unemployment rate from January 2004 to March 2025. We

apply a two-stage procedure where a rolling-window approach is combined with

shrinkage estimations (Lasso and Elastic Net) for variable selection, followed by

OLS estimation to identify the most predictive variables and track how their im-

portance evolves over time. Our in-sample analysis reveals a distinction between

stable predictors and unstable ‘event-driven’ ones whose importance shifts across

economic regimes. Out-of-sample evaluation shows that linear GT-augmented

models provide only marginal and statistically insignificant improvements in now-

casting accuracy, with value confined to periods of high economic volatility. How-

ever, a Random Forest model using the top eight selected variables achieves statis-

tically significant improvement over the AR(3) benchmark, suggesting the linear

results reflect functional form misspecification rather than GT data limitations.

The predictive signal decays quickly, leaving simple autoregressive models most

effective for 12-month forecast horizons.
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1 Introduction

The unemployment rate for the United Kingdom (UK) is released with a publication

lag of approximately 6-8 weeks. Consequently, policymakers may be slow to react

to emerging labour market trends, while investors and businesses are left with an

incomplete picture for decision making. This delay necessitates the use of more timely,

high-frequency data to form an accurate picture of the current state of the labour

market. The formal term for this predictive exercise is nowcasting. Popularised in

economics by Giannone et al. (2008), it is broadly defined as the prediction of the

present, the very near future, and the very recent past.

To bridge this information gap, data from Google Trends (GT) offers a compelling

real-time source of information, particularly as the internet has become a primary

resource for job searching (Kuhn, and Mansour, 2022). For example, Faberman and

Kudlyak (2019) find that approximately 38% of the employed and 74% of the un-

employed reported using the internet for their job search. Given this substantial

reliance on internet-based job searching, the choice of search engine becomes crucial

for capturing representative search behaviour patterns. Google holds 93.4% of the

search engine market in the UK (StatCounter, 2025), making it the natural choice

for analysing online job-search activity.

We wish to investigate two core questions. First, which specific GT variables are

selected the most and when, focusing on coefficient performance during significant

economic regimes such as the Great Recession and the Covid-19 pandemic. Second,

assess whether GT data provides incremental predictive power for nowcasting UK

unemployment and when these improvements are most prevalent. As these investiga-

tions involve a large number of predictors and a limited sample size, the scale of the

data necessitates a methodology capable of addressing these selection challenges.

A major challenge in the literature is selecting the most relevant search terms to

predict a target variable (Smith, 2016). This paper addresses this issue by adopting

a “big data” approach that uses a wide range of GT search terms, topics, and web-

sites. This method allows for comprehensive coverage of unemployment-related search

behaviour, capturing not only direct job search activity but also benefit-seeking, re-

gional labour market dynamics, and sectoral employment patterns. To systematically

manage this high-dimensional data, we employ a rolling-window approach combined

with shrinkage estimations (Lasso and Elastic Net) to algorithmically identify not

only which variables are most predictive, but also how their importance evolves over

time.

Our methodology applies a post-selection Ordinary Least Squares (OLS) framework to
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a high-dimensional monthly dataset spanning from January 2004 to March 2025. This

process first uses shrinkage models (Lasso and Elastic Net) for automated variable

selection within a constrained 48-month rolling window. These algorithms are well

designed to handle a challenging “p = n” scenario where the number of predictors

(p = 48) equals the number of observations. A final OLS model is then estimated

using only this selected subset of predictors. A key advantage of this data-driven

approach is that it circumvents the need for subjective, a priori variable selection,

allowing the algorithm to automatically identify the most informative predictors.

Before modelling, all data series are transformed to ensure stationarity, and predictors

are seasonally adjusted. The two-stage post-shrinkage OLS procedure serves two

goals: (1) for the out-of-sample evaluation, it generates forecasts which are compared

against a benchmark model using RMSE and the Diebold-Mariano test; (2) for the in-

sample analysis, the framework is used to investigate predictor importance by tracking

the selection frequency and coefficient evolution of the variables. This reveals not only

which predictors are most consistently selected but also how their predictive power

changes across different economic regimes.

This paper contributes to the literature in three main ways. First, this paper investi-

gates using a shrinkage framework to the variable selection problem, algorithmically

identify the most salient variables from a large set of UK search queries. This ap-

proach is then combined with a rolling-window analysis, enabling us to move beyond

a static view of predictor importance and instead investigate how the set of key vari-

ables evolves over time.

Second, our analysis demonstrates that the predictive power of GT data is not static.

Its primary value is concentrated in the very short term and is most pronounced dur-

ing periods of high economic volatility, such as the Great Recession and the Covid-19

pandemic. During stable periods, its predictive advantage is minimal. Furthermore,

we confirm that GT data acts as a complement, not a substitute, to traditional

economic indicators by providing timely signals before official data is released. A

robustness check using a Random Forest model further highlights the potential for

non-linear relationships. It achieved a statistically significant improvement in now-

casting accuracy over the autoregressive benchmark, whereas our linear models did

not.

Finally, this paper makes an analytical contribution by distinguishing between two

types of predictors: more stable indicators and unstable ‘event-driven’ indicators.

This distinction offers a compelling explanation for an observed asymmetry in our

models’ performance. While the GT-augmented models perform well during the onset
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of a crisis, they often struggle in the immediate aftermath. We hypothesise that this

occurs because the rolling-window architecture retains crisis-relevant ‘event-driven’

predictors, which may then become less effective or even misleading as the economy

transitions into a new more stable regime.

The remainder of this paper is structured as follows. Section 2 reviews the relevant lit-

erature, tracing the evolution of Google Econometrics, discussing common approaches

for incorporating GT data, and establishing the applicability of shrinkage methods.

Section 3 details the methodology, outlining the data sources, pre-processing steps,

and the modelling framework. We then present our empirical results, first analysing

the in-sample variable selection and coefficient evolution in Section 4, before eval-

uating the out-of-sample nowcasting performance in Section 5. Finally, Section 6

discusses the implications of these findings and offers concluding remarks.

2 Literature Review

2.1 The Evolution of Google Econometrics

The foundational work of Ettredge et al. (2005) provided the initial proof-of-concept

for using internet search data as a leading indicator of unemployment. They employ

a simple linear regression on employment-related search terms (such as “jobs”, “job

search”, “resume”, “employment”, and “job listings”) over a modest 77-week sample

from September 2001 to March 2003. Building on this preliminary foundation, the

seminal paper by Google’s economists Choi and Varian (2012) – coupled with the

2008 release of Google Insights for Search, later rebranded as Google Trends (Smith,

2016) – sparked broader interest in exploring how internet search data can enhance

standard time series models when nowcasting. This interest was further amplified by

the urgent need for more timely economic indicators during the 2008 financial crisis

(D’Amuri, 2009), establishing the methodological framework that would define the

field.

Following Choi and Varian’s breakthrough, the field expanded rapidly, with re-

searchers applying increasingly sophisticated methodologies to a range of economic

variables. The evolution has moved from simple augmented regressions to complex

machine learning approaches, while the data sources have expanded from individ-

ual search terms to comprehensive topic categories and real-time indicators explored

in economic monitoring systems like the OECD Weekly Tracker (Woloszko, 2020).

This methodological sophistication proved prescient during the Covid-19 pandemic,

when the need for real-time economic monitoring became even more critical as tra-
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ditional statistics struggled to capture the unprecedented speed and scale of market

disruptions (Bank of England, 2020).

Standard time series modelling in the literature tends to include simple autoregres-

sive models (AR) or more sophisticated autoregressive integrated moving average

(ARIMA) models. These are then augmented with manually selected internet-search

data (Askitas, and Zimmermann, 2009; Choi, and Varian, 2012; D’Amuri, and Mar-

cucci, 2017; Katris, 2019; McLaren, and Shanbhogue, 2011; Pavlicek, and Kristoufek,

2015; Vosen, and Schmidt, 2011). Many of these papers then compare out-of-sample

forecasts of their economic variables, evaluating the models with and without the

internet search variables, using metrics such as root mean square errors (RMSE),

Diebold and Mariano (1995) tests of equal forecast accuracy between specifications,

and R2 statistics for in-sample fit.

A representative example of this approach comes from McLaren and Shanbhogue

(2011) in the Bank of England’s Quarterly Bulletin, who demonstrate a simple ap-

plication to the UK’s labour market. This paper explores how well GT-augmented

models nowcast the change in the UK’s unemployment rate, among other variables,

compared to models augmented by more traditional leading indicators (claimant count

and GfK consumer confidence survey).

More advanced statistical techniques and machine learning methods for macroeco-

nomic nowcasting and forecasting have gained considerable traction in recent liter-

ature (Ferrara, and Simoni, 2022; Heikkinen, and Heimonen, 2023; Katris, 2020;

Kohns, and Bhattacharjee, 2023; Scott, and Varian, 2014). Among these, notable ap-

plications include the OECD Weekly Tracker from Woloszko (2020), which leverages

neural networks and GT data across a panel dataset of 46 countries for high-frequency

GDP prediction.

Heikkinen and Heimonen (2023) present a particularly novel approach, using princi-

pal component analysis and partial least squares for dimension reduction to extract

information from 181 GT subcategories, enabling effective nowcasting of the pur-

chasing manager’s index (PMI) and non-manufacturing survey index (NSI) from ISM

Report On Business (2025). This innovative methodology demonstrates the potential

of GT data to predict traditional leading indicators of macroeconomic activity, which

themselves serve as early signals of broader economic conditions.

Despite these promising applications, the relationship between model complexity and

forecasting performance remains nuanced. Katris (2020) provides important evidence,

from 22 countries, that sophisticated machine learning approaches – such as Artificial

Neural Networks, Support Vector Regression, and Multivariate Adaptive Regression
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Splines – do not universally outperform simpler methods in unemployment forecast-

ing. Additionally, the high-dimensional nature of GT data, with potentially hundreds

of search terms, presents significant challenges for traditional econometric methods.

2.2 Google Trends Data: Selection and Construction Ap-

proaches

Studies incorporating both traditional leading indicators and GT data provide more

compelling evidence of search data’s incremental value, as they test whether internet

search variables add more predictive power beyond established economic indicators

already used in practice. This approach better reflects the information environment

faced by real-world forecasters and policymakers. Woloszko (2020) makes the dis-

tinction between two different types of leading indicators: (1) hard indicators which

are collected by national administrations/statistical agencies; and (2) soft indicators

often timelier but less reliable during crises, for example, survey data or Purchasing

Manager’s Indexes (PMIs).

Common hard indicators found in the nowcasting literature include unemployment

benefits claims and production/sales indexes. Whereas common soft indicators in-

clude: consumer/employer confidence surveys, the economic policy uncertainty index

(Baker et al., 2016), stock price indexes, and PMIs. GT data would be regarded as

a soft indicator in this instance but benefiting from real-time, high-frequency advan-

tages.

The literature traditionally presents three main approaches to selecting what exact

internet search data is included in the models. The first approach uses manually

selected single search terms, such as “jobs”, then including this term the augmented

regression (Askitas, and Zimmermann, 2009; D’Amuri, 2009; D’Amuri, and Marcucci,

2017; Fondeur, and Karamé, 2013; McLaren, and Shanbhogue, 2011; Pavlicek, and

Kristoufek, 2015). The second approach aggregates many terms into categories or

indexes (Askitas, and Zimmermann, 2009; Choi, and Varian, 2012; Heikkinen, and

Heimonen, 2023; Smith, 2016; Vosen, and Schmidt, 2011; Woloszko, 2020). The third

approach tests multiple individual search terms to identify which performs best at

explaining the dependent variable (Ettredge et al., 2005; McLaren, and Shanbhogue,

2011; Preis et al., 2013).

For example, D’Amuri and Marcucci (2017) uses the single keyword “jobs”, Vosen and

Schmidt (2011) use factor analysis to reduce 56 search categories into four common

factors (explaining 61% of the variance), while Preis et al. (2013) test 98 different

individual search terms to identify the most predictive ones. On the other hand,
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Koop and Onorante (2019) argue that the best way to include the Google data is

in the form of model probabilities rather than linear predictors. In this paper, the

authors create Google Probabilities – exploiting the key finding in the literature that

GT is particularly good at signalling turning points – to control their Dynamic Model

Selection (DMS) framework.

Smith (2016) highlights that selecting specific search terms is a key challenge in un-

employment forecasting. A popular approach, suggested by the literature, is thinking

of the typical search behaviours of someone who has recently become unemployed or

who anticipates to be unemployed in the near future. For example, searches for jobs,

financial support, résumé writing assistance, or benefit eligibility requirements may

capture different aspects of the job loss and job search process. However, Smith also

notes that individual terms are vulnerable to change due to policy reforms such as

Universal Credit. This is because such reforms directly change the public’s search

vocabulary, as terms for benefits are replaced by new ones, diminishing the predictive

power of the original keywords.

To address this challenge, modern GT provides a topics feature that groups together

related search terms with similar meanings. Unlike searching for a single keyword

like “unemployment”, a topic captures all searches related to that concept, regardless

of the specific words people use or the language they search in (Google, 2023a). For

example, the “unemployment” topic would include searches for “jobless”, “out of

work”, and equivalent terms in other languages used by multilingual residents in the

UK. Google determines which searches belong together by analysing user behaviour

(specifically where people click after searching) to ensure that grouped terms reflect

genuine shared intent rather than merely similar-sounding words (Woloszko, 2020).

This approach provides a more complete and accurate picture of public interest in

labour market issues and job-seeking behaviour than tracking individual keywords

alone.

Furthermore, GT also provides a website feature, which allows users to track searches

for specific websites. This is particularly useful for tracking searches for job-search

websites such as Reed, Indeed, and CV-Library. This study adopts a hybrid approach,

incorporating a set of individual search terms, topics, and websites to maximize the

information content while using regularization techniques to systematically identify

the most predictive variables from this high-dimensional set.

While GT offers a powerful tool for social science research, its use is not without

significant methodological challenges. A primary concern is the reliability of the data;

because Google provides a random sample of its searches, different downloads can
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produce largely different values. Medeiros et al. (2021) demonstrate this instability,

showing that different random samples for the same search term can have correlations

as low as 0.496. This sample instability can lead to arbitrary conclusions drawn merely

by chance. Despite this, in a systematic review of 360 studies, Hölzl et al. (2025) found

that only 7% of studies accounted for this issue. To address this critical problem,

in this paper we adopt the recommended approach from both papers: collecting

multiple samples over several days and averaging them to produce a more reliable

and consistent measure.

2.3 The Lasso and Extensions

Given the high-dimensional nature of GT data, there is a clear need for techniques that

can effectively perform variable selection. The Least Absolute Shrinkage and Selection

Operator (Lasso), first proposed by Tibshirani (1996), provides a powerful solution

through its ability to perform automatic variable selection by setting the coefficients

of irrelevant predictors exactly to zero. This functionality is the core reason for its use

in this paper’s post-selection OLS framework. It allows the algorithm to objectively

identify a sparse set of the most informative predictors from a large dataset, which

can then be used for unbiased estimation and interpretation in a subsequent OLS

model.

It allows the algorithm to objectively identify a sparse set of the most informative

predictors from a large dataset, which can then be used for unbiased estimation and

interpretation in a subsequent OLS model. As demonstrated in the macroeconomic

forecasting literature (Ahrens et al., 2021; Audrino, and Knaus, 2016; Bai, and Ng,

2008; Lee et al., 2022; Li, and Chen, 2014; Mei, and Shi, 2024; Scott, and Varian,

2014), this shrinkage approach is particularly valuable for unemployment nowcasting.

It maintains model parsimony by automatically selecting the most informative GT

variables, a feature essential for real-time policy applications.

Scott and Varian (2014) pioneered this approach, using Bayesian “spike-and-slab”

priors with Markov chain Monte Carlo (MCMC) sampling to automatically select

the most relevant predictors. Their model drew from a high-dimensional set of 700

variables, which combined 100 terms from the now-discontinued Google Correlate

service with 600 predefined GT categories. This approach eliminates the need for

subjective term selection or manual aggregation, instead allowing the statistical model

to determine which search variables provide meaningful predictive power through

probabilistic inclusion indicators. Similarly, applying Lasso/Elastic Net in a rolling-

window manner offers a robust data-driven methodology to identify the variables in

the active set without requiring a priori judgements about term relevance.
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Building on the concept of “targeted predictors” from Bai and Ng (2008), this study

incorporates crisis-specific search terms such as “Brexit” and “Financial Crisis”. The

inclusion of these event-driven variables is crucial for our rolling-window analysis, as

it allows the model to identify and leverage time-varying predictive relationships to

enhance nowcasting accuracy during economic turning points.

In standard Lasso regression, when faced with groups of correlated predictors, the

method tends to arbitrarily select just one variable from each correlated group and

shrink the others to zero. Zou and Hastie (2005) propose Elastic Net to address

this limitation, combining the ℓ1 (Lasso) and ℓ2 (Ridge) penalty terms. Unlike pure

Lasso, Elastic Net tends to select entire groups of correlated variables rather than

individual representatives. This approach distributes the predictive weight across

correlated variables instead of concentrating it in a single variable, resulting in more

stable coefficient estimates and more interpretable models. Additionally, the Ridge

component reduces sensitivity to small perturbations in the data, making variable

selection more consistent across different samples or time periods.

To address the coefficient shrinkage bias from regularization, this study follows the

post-Lasso OLS methodology, first proposed by Belloni and Chernozhukov (2013),

applying the same logic to our Elastic Net models. While the ℓ1 and ℓ2 penalties

are effective for variable selection, they result in biased coefficient estimates for the

selected predictors. Our two-stage approach corrects for this: first, we use Lasso

or Elastic Net for variable selection, and second, we run an OLS regression on the

selected subset to obtain unbiased coefficients. This method combines the selection

strength of regularization with the unbiased estimation of OLS.

These extensions are particularly relevant to our unemployment nowcasting frame-

work with GT data. Our dataset will contain groups of naturally correlated search

terms – capturing job search intensity, economic uncertainty, or financial assistance

– making Elastic Net’s grouped variable selection potentially valuable for identifying

thematic search behaviours rather than individual terms. Post-selection OLS al-

lows for robust comparisons between regimes and the reliable identification of which

GT variables significantly contribute to unemployment prediction during various eco-

nomic periods. Ultimately, this addresses the core research question regarding the

time-varying predictive power of search data.

2.4 Empirical Findings and Performance

Many papers find that models incorporating internet search data in any form outper-

form traditional econometric methods in combination with traditional leading indi-
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cators (D’Amuri, 2009; D’Amuri, and Marcucci, 2017; Fondeur, and Karamé, 2013;

Koop, and Onorante, 2019; Pavlicek, and Kristoufek, 2015; Smith, 2016; Vosen, and

Schmidt, 2011). However, the effectiveness of Google search data varies across both

countries and time periods. Pavlicek and Kristoufek (2015) demonstrates that the

utility of Google search data for nowcasting is country-specific, finding that Google

searches enhance nowcasts for the Czech Republic and Hungary but yield limited or

mixed results for Poland and Slovakia. The suggested mechanism behind this vari-

ation is the prevalent labour mobility in these countries, where many workers seek

jobs abroad, creating a mismatch between domestic Google search patterns and local

labour market conditions.

There is broad consensus in the literature that internet search data is especially

useful for nowcasting during economic turning points (Askitas, and Zimmermann,

2009; Choi, and Varian, 2012; Kohns, and Bhattacharjee, 2023; Koop, and Ono-

rante, 2019; McLaren, and Shanbhogue, 2011; Scott, and Varian, 2014; Smith, 2016;

Woloszko, 2020). The underlying mechanism is that, while economic variables can

change rapidly during turbulent periods, publication delays for traditional indica-

tors remain constant, substantially increasing the relative value of real-time internet

search data for capturing contemporaneous economic conditions.

Scott and Varian (2014) provide a particularly clear visualization of this phenomenon,

showing a dramatic divergence in cumulative absolute errors for their Bayesian struc-

tural time series models with versus without GT data during 2008–2009 (see Figure 1).

The GT models maintained relatively stable error accumulation while traditional time

series models experienced substantial performance degradation during the financial

crisis. Corroborating this finding, Smith (2016) show that the predictive power of

their Google Redundancy Index was most pronounced during economic turbulence;

while it improved the root mean square forecasting error (RMSE) by 8% over a no-

change benchmark for 2009–2014, this figure rose to 12% during the Great Recession

2009–2011.

Furthermore, GT data has been proven to reduce errors during, and successfully pre-

dict the impact of, the Covid-19 pandemic (Heikkinen, and Heimonen, 2023; Kohns,

and Bhattacharjee, 2023). The pandemic prompted the use of novel timelier indica-

tors to better gain an understanding of the size of the fall in economic activity. For

example, the Bank of England (2020) published an article showcasing high-frequency

indicators of economic activity including: moving averages of flight departures; trans-

port data from the Department for Transport; GT searches for cars, hotel bookings,

and theatre tickets; UK retail footfall; and seated diners in restaurants. This publica-

tion demonstrates the practical adoption of these high-frequency indicators by major
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Figure 1: Cumulative Absolute Errors for Equivalent Time Series Models with and
without Google Trends Data

Notes: The top panel shows cumulative absolute one-step-ahead prediction errors for weekly
US unemployment claims, and the bottom panel shows the initial claims data (2004-2012).
Source: Scott and Varian (2014).

economic institutions during periods of crisis.

Conversely, several studies find that GT data offers little significant improvement

to nowcasting models once traditional leading indicators become available (Choi,

and Varian, 2012; Kohns, and Bhattacharjee, 2023; McLaren, and Shanbhogue, 2011;

Woloszko, 2020). This suggests its main value is not in replacing these indicators, but

in providing timely signals for them before they are officially published (Heikkinen,

and Heimonen, 2023). Therefore, search data is best viewed as a complement to

traditional data, not a substitute, serving as a crucial ‘bridge’ over the information

gaps that exist during publication lags (Ferrara, and Simoni, 2022; Smith, 2016). This

established finding directly motivates this study’s use of a rolling-window analysis,

which is specifically designed to assess how the predictive power of GT evolves, paying

particular attention to the key crisis periods identified in our methodology (the Great

Recession, Brexit uncertainty, and the Covid-19 pandemic).
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3 Methodology

3.1 Explaining the Dataset

The dependent variable in this study is the first-differenced, seasonally adjusted un-

employment rate for people over the age of 16 in the UK (available at ONS, 2025c).

To account for its autoregressive (AR) characteristics (see Figure A1), three lagged

values of the first-differenced unemployment rate are included as predictors (see Ta-

ble 1). Reporting to only one decimal place may limit the model’s ability to detect

subtle changes in labour market conditions, particularly during periods of relatively

stable unemployment, but the data’s official status makes it the most reliable measure

of UK unemployment for the analysis period.

To build the nowcasting models, several traditional economic and financial indica-

tors were incorporated, as detailed in Table 1. These variables are chosen for their

established use as leading indicators of economic activity. While the unemployment

rate typically experiences substantial reporting lags of two–three months, alternative

measures such as the Claimant Count, Retail Sales Index, and EPU Index generally

have shorter delays of around one month. In contrast, financial market indicators

like the FTSE 100 are available nearly in real time. This timing advantage allows

the leading indicators to provide more current insights into labour market conditions

that have not yet been reflected in the official unemployment statistics.

GT provides normalized search data from a representative sample of queries (Google,

2023b). It applies a three-step procedure: dividing searches by the total within a given

geography and time, indexing results on a 0–100 scale with 100 as peak intensity, and

sampling to protect privacy while preserving representativeness. Consequently, GT

reflects relative rather than absolute search volumes, making it useful for tracking

real-time temporal patterns and comparing search intensities across terms or periods.

To ensure a transparent and replicable data collection process, as recommended by

Hölzl et al. (2025), we programmatically obtained monthly search data from GT for

the period January 2004 to March 2025. Using the pytrends Python library. This

process was repeated daily over a ten-day period to mitigate sampling noise inherent

in GT data. From these collections, we extracted unemployment and employment-

related queries in the UK, which included specific search terms, websites, and broader

topics as detailed in Table A1.

After cleaning, the dataset contains 48 predictors: 39 GT variables, six traditional

indicators, and three autoregressive terms. With a rolling window of 48 observations,

this creates a high-dimensional setting where p = n = 48, making standard OLS
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Table 1: Independent Variables (predictors)

Indicator Description Source Treatment
in Model

AR Terms of

∆Unemployment

Rate

Three lagged values of the
first-differenced unemployment
rate included to account for
autoregressive dynamics.

Engineered
from ONS,
2025c data

Lagged (1–3
months)

Claimant

Count

The seasonally adjusted number
of people claiming
unemployment-related benefits.

ONS, 2025a Lagged by 1
month

UK EPU

Index

An index quantifying economic
policy uncertainty based on
newspaper coverage of
policy-related terms.

Baker et al.,
2025

Lagged by 1
month

Retail Sales

Index

The monthly percentage change
in the total value of retail sales.
Seasonally adjusted.

ONS, 2025b Lagged by 1
month

FTSE 100

Returns

The monthly percentage change
in the FTSE 100 closing price,
capturing market performance.

Investing.com,
2025

Contempora-
neous (no
lag)

FTSE 100

Volatility

A 3-month rolling standard
deviation of the monthly FTSE
100 returns, measuring market
risk and uncertainty.

Engineered
from Invest-
ing.com, 2025
data

Lagged by 1
month

Google Trends 40 search-based indicators
including 26 employment terms,
4 job sites, and 10 related topics
capturing real-time job-seeking
behaviour.

Google, 2025;
Hogue, and
DeWilde,
2016

Contempora-
neous (no
lag)

infeasible and illustrating the “big data” challenge in macroeconomic forecasting.

Regularization methods such as Lasso or Elastic Net are therefore required. The

cleaned dataset spans 249 monthly observations (01/07/2004–01/03/2025). Due to

the rolling-window design, the end date of the final out-of-sample window is adjusted

slightly to maintain consistent window lengths.

To aid the analysis, we have also identified key economic periods, such as the Great

Recession and the Covid-19 pandemic (see Table A2), in order to test a central hy-

pothesis from the literature: that the predictive value of search data is most pro-

nounced during such turbulent periods. Identifying these event periods allows for a

targeted evaluation of model robustness and provides crucial context for interpreting

14



the evolution of the models’ performance over time.

To accurately simulate a real-world forecasting scenario, this study explicitly incor-

porates the known publication delays of key economic indicators. This is achieved

by lagging the Claimant Count, Retail Sales Index, and EPU Index by one month,

while financial market indicators such as FTSE 100 returns, FTSE 100 volatility,

and Google Trends variables are included contemporaneously. This approach ensures

that the model’s information set realistically reflects what would have been known at

the point of prediction, thereby preventing data leakage from sources with inherent

reporting lags.

3.2 Preprocessing and Initial Testing

3.2.1 Seasonal Adjustment of Predictors

In the literature, many papers find seasonal patterns in both predictors and dependent

variables. Therefore, these variables are seasonally adjusted either implicitly (Ask-

itas, and Zimmermann, 2009; D’Amuri, 2009; Fondeur, and Karamé, 2013; Kohns,

and Bhattacharjee, 2023; Pavlicek, and Kristoufek, 2015) or explicitly (Choi, and

Varian, 2012; D’Amuri, and Marcucci, 2017; Ferrara, and Simoni, 2022; McLaren,

and Shanbhogue, 2011; Smith, 2016; Woloszko, 2020). Implicit seasonal adjustment

relies on the econometric model itself to capture seasonal patterns through compo-

nents such as seasonal dummy variables, Bayesian structural time series seasonal

components, or harmonic terms, while using raw (non-seasonally adjusted) data.

In contrast, explicit seasonal adjustment involves pre-processing both the target vari-

able and predictors using statistical procedures. Common methods used are ARIMA-

based seasonal adjustment, Seasonal and Trend decomposition using Loess (STL), or

creating annual growth rates. Some studies employ hybrid approaches that combine

both implicit and explicit methods. For example, Scott and Varian (2014) use implicit

seasonal modelling for the dependent variable, through structural time series compo-

nents, while explicitly seasonally adjusting GT predictors via STL decomposition.

Since our dependent variable is already seasonally adjusted, we decided to seasonally

adjust our predictors using STL decomposition. First proposed by Cleveland et al.

(1990), STL is a robust non-parametric method which we implement via Python’s

statsmodels package. For variables that remain at zero or near-zero values (below

1) for more than six consecutive months at the beginning of the sample, we apply a

“conditional STL” approach: preserving the original zero values and applying STL

decomposition only from when the variable first becomes non-zero, preventing the ad-

dition of noise to variables that are naturally zero for extended periods. Furthermore,
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event-driven GT variables – such as Furlough, Brexit, and Financial Crisis – are

not seasonally adjusted as their fluctuations are understood to be tied to specific

events rather than a recurring calendar cycle (see Figure A2).

3.2.2 Stationarity and Cointegration

Following the guidance of Li and Chen (2014), and established practice in macroeco-

nomic econometrics, all data series are transformed to achieve stationarity to avoid

spurious regression problems, outlined by Granger and Newbold (1974). Therefore,

we employ the Augmented Dickey-Fuller (ADF) test, first proposed by Said and

Dickey (1984), with AIC automated lag length selection, using both constant-only

and constant-plus-trend specifications to account for different data generating pro-

cesses across variables.

When variables show conflicting results between specifications at the 5% significance

level, we conduct visual inspection to determine the presence of deterministic trends.

Visual inspection reveals that, out of the variables with conflicting test results, only

Employment Rights and Learn New Skills showed clear deterministic trends, lead-

ing us to adopt the constant-plus-trend specification for these variables and constant-

only for all others (see Figure A3).

Based on these results, Table A3 categorises the variables by their order of integra-

tion. Of the variables, 14 are I(0) (stationary in levels), 29 are I(1) and require first-

differencing, and three are I(2), requiring second-differencing. Among the I(1) vari-

ables was the dependent, Unemployment Rate, which is then differenced to achieve

stationarity. Therefore, instead of predicting the level of unemployment, the model

will predict the change in unemployment from one period to the next.

To maintain methodological rigour, we employ a cointegration test for the I(1) vari-

ables. This involves an augmented Engle and Granger (1987) cointegration tes be-

tween each I(1) variable and Unemployment Rate (also being I(1)). We discover

Jobseekers Allowance (term) to be the only cointegrated variable at the 5% sig-

nificance level (see Table A4), which is robust across both trend specifications. How-

ever, given our methodological framework does not employ an error correction model,

we opt to use the Jobseekers Allowance (topic) instead of the term, since this is

not cointegrated but likely holds similar, if not superior, information.

Beyond stationarity considerations, another potential issue with GT data is a sys-

tematic downward drift in search volume indices from 2004 onwards, reflecting the

expanding user base of Google rather than genuine declines in interest (Stephens-

Davidowitz, and Varian, 2015). Woloszko (2020) suggests addressing this by ex-

16



tracting the common trend through principal component analysis. In our dataset,

however, no such bias was observed and the average gradients were slightly positive

(see Figure A4). Moreover, the differencing applied to achieve stationarity would, in

any case, remove residual trends, making additional adjustment unnecessary.

3.3 The Models

Before estimating the models, overlapping rolling windows of 48 months are created,

with each new window starting six months after the previous one (for the in-sample

analysis) and one month after the previous one (for the out-of-sample analysis). For

example, in the in-sample analysis, Window 1 spans months 1–48, Window 2 spans

months 7–54, Window 3 spans months 13–60, and so on, resulting in 34 equally sized

windows.

We apply a two-stage Post-shrinkage (OLS) procedure to the rolling windows. In

the first stage, regularization is used purely for variable selection within each rolling

window. In the second stage, a standard OLS model is estimated using only the

subset of variables selected in the first stage. This approach combines the strength

of regularization for variable selection in high-dimensional settings with the desirable

properties of OLS for unbiased coefficient estimation.

For each rolling window t, the variable selection is performed by solving a general

optimization problem where the matrix of predictors, Z
(m)
t , is defined by the model

specificationm. The general forms of the Lasso (equation 1) and Elastic Net (equation

2) estimations are:

β̂
(m)

t = argmin
β

{
1

2T

∥∥∥∆ut − Z
(m)
t β

∥∥∥2

+ λt∥β∥1
}
, (1)

β̂
(m)

t = argmin
β

{
1

2T

∥∥∥∆ut − Z
(m)
t β

∥∥∥2

+ αt

[
ρt∥β∥1 +

(1− ρt)

2
∥β∥22

]}
, (2)

where:

• ∆ut is the first difference of the unemployment rate,

• T = 48 is the rolling window length in months,

• λt, αt, and ρt are the regularization parameters.

The predictor matrix Z
(m)
t for model m can take one of three nested sets of predictors:

(1) Benchmark, a simple AR(3) model using only lagged values of the dependent

variable (Z
(AR)
t ); (2) AR+GT, the benchmark model augmented with a suite of GT
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variables (Z
(AR+GT )
t ); and (3) Full (AR+Econ+GT), which is further augmented

with other traditional economic indicators (Z
(FULL)
t ).

Although the AR(3) benchmark is low-dimensional, the Lasso selection step is applied

to it as well to maintain methodological consistency across models and ensure a

fair basis of comparison with the richer specifications. This prevents performance

differences from being driven by the estimation procedure rather than the predictor

set. In practice, the algorithm is expected to retain all three autoregressive terms in

nearly every window.

Let St be the set of indices for the variables selected in the first stage (i.e., where

β̂
(m)

t ̸= 0). The second-stage OLS regression is then estimated using only this subset

of predictors for each window, Z
(m)
t,St

. An OLS regression taking the following form is

then estimated:

∆ut = Z
(m)
t,St

β
(m)
t,St

+ ϵt. (3)

The resulting post-selection OLS coefficient vector, β̂
(m)

t,St
, serves two primary purposes

in this study. For the in-sample analysis, the evolution of these coefficients is tracked

across each rolling window to assess how the predictive importance of the selected

variables changes over different economic regimes. For the out-of-sample analysis,

this coefficient vector is used to generate the h-step-ahead point forecasts, which are

then used to evaluate the model’s nowcasting performance.

3.4 Hyper-parameter Tuning and Evaluation Metrics

3.4.1 In-Sample Analysis

The in-sample analysis is designed primarily to evaluate variable selection stability

and goodness-of-fit. Following the rolling window structure, a single set of optimal

global regularisation parameters is determined for each of the three model specifi-

cations (Benchmark, AR+GT, and Full). These parameters are found by applying

a time-series cross-validation procedure to all observations and each model’s corre-

sponding variable sets, which identifies the values that minimise the mean squared

error. Using these fixed, globally optimal parameters ensures that the variable selec-

tion process is consistent across all 34 windows, making the evolution of predictor

importance directly comparable over time.

Within each 48-month window, the competing models are estimated using these pre-

determined parameters. Following the two-stage approach, regularization is first used

for variable selection, after which a final OLS model is estimated using only the

selected subset of variables. In-sample performance metrics – such as R2, in-sample
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root mean squared error (RMSE), and Adjusted-R2 – are derived exclusively from this

final OLS model to ensure the evaluation is based on unbiased coefficient estimates.

This process generates a time series of selected variables and in-sample performance

metrics, allowing for an analysis of how predictor importance evolves.

3.4.2 Out-of-Sample Analysis

The out-of-sample analysis provides a more rigorous test of the models’ real-world

predictive capabilities across multiple forecast horizons (h ∈ {1, 3, 6, 12} months).

For each horizon h, a model is trained on a fixed 48-month period to generate a single

direct forecast for h months into the future. The window is then rolled forward by one

month, and the process is repeated to generate a continuous series of out-of-sample

forecasts.

In contrast to the in-sample analysis, the regularisation parameters are adaptively re-

optimised within each 48-month training window. For each window, the optimal hy-

perparameters (λ, α, ρ) are selected via time-series cross-validation on the most com-

prehensive predictor set (Full model). These window-specific parameters are then

applied uniformly across the Benchmark, AR+GT, and Full specifications, ensuring

that any performance differences reflect the predictors rather than the regularisation

strength. This adaptive approach allows model complexity to respond to prevailing

economic conditions. Consistent with the two-stage design, the final h-step-ahead

forecast is produced by post-shrinkage OLS using only the variables retained by this

procedure.

The performance of these forecasts is then evaluated against the actual realised values

of the unemployment rate using metrics such as RMSE and Cumulative Squared Fore-

cast Error (CSFE). Finally, to determine if the performance differences between the

models are statistically meaningful, the Diebold and Mariano (1995) test is employed

to compare the forecast accuracy of the GT-enhanced models against the traditional

benchmark.

To ensure the robustness of these findings, an alternative hyper-parameter tuning

strategy was also tested, wherein the optimal parameters for each of the three models

were estimated independently within each window using only their own specific set of

predictors. The results of this model-specific approach were found to be very similar

to the main analysis (see Table A5), with no significant changes to the overall model

rankings or conclusions. This indicates that the study’s findings are robust and not

an artifact of the specific, centralized tuning methodology employed.
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4 In-Sample Results

4.1 Descriptive Statistics

As expected, the Benchmark model retains almost all of its predictors, selecting on

average 2.97 of the 3 autoregressive terms across the 34 windows (there is only one

window in which one of the terms is not selected). The AR+GTmodel selects an average

of 9.88 variables, while the Full model selects 15.03. This stepwise increase indicates

that the GT variables contribute explanatory power beyond the AR terms, and that

the traditional economic indicators add further value beyond the GT data.

Furthermore, the Elastic Net selection specification tends to select more predictors

than Lasso. As shown in Table 2, the AR+GT model selects, on average, 2.77 more vari-

ables (28.0%) between estimations, while the Full model selects 1.94 more (12.9%).

This pattern supports the presence of correlated groups in the GT data, consistent

with Elastic Net’s tendency to select entire groups of correlated predictors (Zou, and

Hastie, 2005). In addition, Elastic Net models demonstrate slightly superior or highly

comparable performance to Lasso across key metrics such as RMSE and Adjusted-R2.

Accordingly, the remainder of the in-sample analysis in this study is conducted using

Elastic Net, ensuring both robust variable selection and stable coefficient estimation

overtime.

Table 2: In-Sample Model Performance Summary

Model Variables Selected RMSE R-Squared Adj. R-Squared

Post-Lasso OLS Specification

1. Benchmark
2.971
(0.169)

0.092
(0.012)

0.197
(0.128)

0.143
(0.128)

2. AR+GT
9.882
(1.859)

0.062
(0.007)

0.614
(0.125)

0.516
(0.135)

3. Full
15.029
(1.740)

0.050
(0.008)

0.745
(0.104)

0.628
(0.140)

Post-Elastic Net OLS Specification

4. AR+GT
12.647
(1.998)

0.059
(0.007)

0.661
(0.107)

0.540
(0.132)

5. Full
16.971
(2.022)

0.049
(0.008)

0.760
(0.105)

0.624
(0.147)

Notes: The table displays the average of key performance metrics across all rolling windows,
with standard deviations in parentheses. Models were estimated using the Python package
scikit-learn, a library for machine learning and predictive data analysis (Pedregosa et al.,
2011).
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Looking at Table 2, both the AR+GT and Full models provide a superior in-sample

fit to the Benchmark, as shown by higher R2/Adjusted-R2 and lower RMSE. This

indicates that GT models better capture the data, though this does not guarantee

stronger out-of-sample performance. The Full model further outperforms AR+GT,

with an Adjusted-R2 of 0.624 versus 0.540, reflecting improved fit even after account-

ing for greater complexity.

The risk of overfitting is evident from the gap between R2 and Adjusted-R2. For

the AR+GT model, these fall from 0.661 to 0.540, and for the Full model from 0.760

to 0.624. Such declines highlight the penalty from many predictors, suggesting both

models fit in-sample noise as well as the underlying signal.

4.2 Top Selected Variables

The GT variable Redundancy emerges as the most important predictor, selected in

approximately 85% of windows for the AR+GT model and 76% for the Full model.

The AR terms are key predictors in both models, demonstrating strong persistence

in the data. Specifically, the second autoregressive term, ∆Unemployment Ratet−2,

alongside the GT search term Retraining, are consistently ranked highly.

The first autoregressive lag appears among the top 15 variables in both models,

whereas the third autoregressive lag only makes the top 15 in the AR+GT model and

is absent in the Full model. This indicates that the third lag carries less predictive

value and, in the Full model, its role is effectively replaced by the broader set of

traditional economic indicators.

The addition of traditional variables in the Full model reshapes the set of top predic-

tors. Notably, FTSE Volatilityt−1 becomes the most important traditional indicator

and the second-most selected variable overall, appearing in 73% of windows. These

leading indicators reduce the relative importance of many GT variables, reflecting

overlapping information. This is most evident for Redundancy, whose selection fre-

quency drops by 11 percentage points – from 88% in the AR+GT model to 77% in the

Full model.

Conversely, some GT variables are selected more frequently once traditional indicators

are introduced. For example, ∆Finance Jobs rises from 47% to 65%, and Learn

New Skills from 47% to 62%. This likely reflects the role of traditional variables as

controls for overall economic conditions: once broad market movements are captured

(e.g., via FTSE Volatilityt−1), the behavioural signals in GT terms become more

distinct and valuable. This supports the view that GT variables complement, rather

than substitute, traditional indicators by bridging specific information gaps.
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Figure 2: Top 15 Most Frequently Selected Variables by Model

(a) AR+GT Model (b) Full Model

Notes: The top 15 variables for the AR+GT and Full models are ranked by selection frequency
across 34 rolling windows in the Elastic Net estimations. Plots generated with matplotlib, a
Python package for creating publication-quality figures (Hunter, 2007).

4.3 Coefficient Evolution

Figure 3 shows the coefficient evolution for the eight most frequently selected variables

in the Full model, highlighting their time-varying predictive power. For example, the

GT term Retraining has a large positive coefficient in the first half of the sample,

indicating that increased search interest in retraining predicted rising unemployment,

but its effect diminishes after 2016. Similarly, ∆Claimant Countt−1 is important and

stable early on, being selected in all windows up to 2016, before largely disappearing

until a single selection in 2024, suggesting the model favours GT terms during this

period. Its positive coefficient aligns with expectations, as higher claimant counts

signal higher unemployment.

Several GT variables exhibit pronounced parameter instability, with coefficients

switching sign over the sample period, reflecting shifts in their relationship with unem-

ployment. For example, ∆Finance Jobs is negative during crises such as the financial

crisis and Covid-19 pandemic, but positive during the post-crisis and Brexit uncer-

tainty period. This suggests a shift from signalling recovery in the financial sector

to reflecting job losses or economic anxiety. Similarly, Learn New Skills reverses

from negative pre-2015 to positive during the post-crisis/Brexit period, consistent

with searches for upskilling being associated with job transitions rather than labour
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market strength.

The first-differenced series of Reed, a popular job-search website, also shows regime-

dependent behaviour but is most informative during the Covid-19 pandemic. While

its coefficient fluctuates between positive and negative in earlier periods, it exhibits

a notably larger positive value during Covid-19, highlighting its predictive power in

times of labour market disruption.

Overall, several variables – including FTSE Volatilityt−1, ∆Finance Jobs, Learn

New Skills, ∆Reed, and FTSE Returns – exhibit pronounced sign instability across

the sample. As the preceding discussion shows, their coefficients often reverse de-

pending on the prevailing economic regime, making them unreliable as broad, general

indicators. Instead, their value lies in capturing dynamics during crises or periods

of heightened uncertainty, but in transitional phases their shifting relationships risk

introducing more noise than signal, limiting their usefulness for consistent nowcasting.

Several of the top-ranked variables exhibit coefficient signs that are more or less con-

sistent across the sample period. These include Redundancy, ∆Claimant Countt−1,

Retraining, the first two AR terms, and ∆Construction Work (see Figure A5).

This stability provides strong evidence of a more robust relationship with the unem-

ployment rate, reinforcing their potential as reliable leading indicators.

Figure A6 shows the OLS coefficient evolution for the eight most frequently selected

variables in the AR+GT model. Comparing this with Figure 3 suggests that intro-

ducing traditional indicators does not substantially change the magnitude or sign of

most GT variable coefficients. Some GT terms, such as ∆Finance Jobs and Learn

New Skills, gain relative importance, while others (like ∆Construction) fall out

of the top eight, replaced by traditional predictors such as FTSE Volatilityt−1 and

∆Claimant Countt−1.

In summary, the analysis shows that GT data provides substantial, time-varying

predictive power for the unemployment rate, and this contribution remains robust

even when traditional economic indicators are included. The results point to two

distinct groups of predictors. First, a core set of variables – such as Redundancy and

Retraining – exhibit stable, consistent relationships, making them reliable leading

indicators. Second, a group including Learn New Skills, ∆Finance Jobs, Reed,

and several financial indicators displays pronounced coefficient instability. These

variables are less useful for general forecasting but become highly informative during

periods of economic stress or transition, where their regime-specific signals can capture

shifts that more stable indicators miss.
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Figure 3: Evolution of Top 8 Post-Elastic Net OLS Full Model Coefficients

Notes: The shaded regions reflect specific economic regimes: light red for the Great Recession
(Dec 2007–Jun 2009), light blue for Brexit Uncertainty (Jan 2016–Dec 2019), and light purple
for the Covid-19 Pandemic (Jan 2020–Dec 2023). Plots generated with matplotlib.
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5 Out-of-Sample Results

5.1 Descriptive Statistics

Table 3 shows the different average root mean squared forecast errors (RMSE) for each

model at various forecast horizons, as well as their cumulative squared forecast errors

(CSFE) over the whole sample. The 1-month ahead column is the best indicator for

the nowcasting performance of the models, whereas the other horizons experiment

with forecasting and trend detecting ability of internet search data. The table also

shows the Diebold-Mariano tests of equal forecast accuracy – indicating whether the

differences in forecast accuracy are statistically significant.

Table 3: Out-of-Sample Forecasting Performance by Model and Horizon

Model / Statistic 1-Month 3-Month 6-Month 12-Month

Panel A: Root Mean Squared Error (RMSE)
Benchmark 0.1100 0.1108 0.1132 0.1087
AR+GT Model

Lasso 0.1096 0.1138 0.1149 0.1144
Elastic Net 0.1088 0.1146 0.1159 0.1151

Full Model
Lasso 0.1087 0.1083 0.1117 0.1102
Elastic Net 0.1071 0.1098 0.1122 0.1118

Panel B: Diebold-Mariano Test p-values (vs. Benchmark)
AR+GT Model

Lasso 0.910 0.267 0.625 0.085*
Elastic Net 0.744 0.175 0.427 0.062*

Full Model
Lasso 0.785 0.358 0.704 0.663
Elastic Net 0.529 0.731 0.801 0.376

Panel C: Cumulative Squared Forecast Error (CSFE)
Benchmark 2.1189 2.1283 2.2530 2.0249
AR+GT Model

Lasso 2.0573 2.1752 2.2852 2.1521
Elastic Net 2.0292 2.1932 2.3082 2.1531

Full Model
Lasso 2.0177 2.0579 2.2216 2.1268
Elastic Net 1.9729 2.0941 2.2223 2.1750

Panel D: Best Performing Model (Lowest RMSE)
Model Full (Elastic) Full (Lasso) Full (Lasso) Benchmark

Notes: Models were again estimated using the Python package scikit-learn. *p < 0.10,
**p < 0.05, ***p < 0.01.

The Full model, particularly when paired with Elastic Net selection, demonstrates

25



the strongest nowcasting performance. It achieves an average RMSE of 0.1071, a 2.6%

improvement compared to the Benchmark model, and shows a more substantial 6.9%

improvement in terms of CSFE. While this trend of the Full model consistently out-

performing in the short and medium term holds, the Diebold-Mariano test confirms

that these gains are not statistically significant at any forecast horizon.

The choice between Lasso and Elastic Net selection reveals a bias-variance trade-off

that is dependent on the forecast horizon. For longer-term forecasts (3 to 12 months),

the more parsimonious Lasso models consistently outperform their Elastic Net coun-

terparts in both RMSE and CSFE. This finding implies that Elastic Net’s tendency

to retain more correlated variables leads to overfitting on the training data, degrad-

ing its out-of-sample performance as the horizon extends. In contrast, for immediate

1-month-ahead forecasts, Elastic Net’s more complex specification is superior, indi-

cating it captures relevant short-term signals that the sparser Lasso models discard.

The relative performance of the AR+GT model compared to the Benchmark is highly

horizon-dependent, reflecting a trade-off between short-term gains and longer-term

deterioration. At the 1-month horizon, the AR+GT models deliver modest improve-

ments – for example, the Elastic Net variant reduces CSFE by 4.2%. However, these

gains are not statistically significant according to the Diebold-Mariano test. Beyond

this point, performance declines sharply: as shown in Figure 4, the AR+GT model’s

RMSE rises above that of the Benchmark from the 3-month horizon onward. This

suggests that GT data alone offers limited predictive value for medium or long-term

forecasts.

Further analysis of forecast errors across horizons reveals an irregular pattern in

predictability. As shown in Figure 4, errors peak at the 6-month horizon – rather

than at 12 months as might be expected – with all models showing a distinct rise in

RMSE before stabilising or improving at the one-year mark. Perhaps the most striking

finding is the sharp reversal in relative performance at this 12-month horizon. While

the more complex Full model holds an advantage at shorter horizons, the simple

Benchmark model emerges as the most accurate predictor after one year, with its

RMSE falling significantly below all other competitors. This shift is not driven by a

substantial deterioration in the complex models, but rather by a marked improvement

in the Benchmark’s accuracy.

These results suggest that the predictive signal from both GT and traditional eco-

nomic variables decays quickly. At a 12-month horizon, the additional predictors

contribute more noise than signal, leading the more complex models to underper-

form. By contrast, the parsimonious Benchmark model effectively captures the strong

26



Figure 4: Model RMSE verses Forecast Horizon

mean-reverting nature of the unemployment rate. This highlights that as horizons

lengthen and uncertainty grows, simpler models can often provide more robust and

reliable forecasts than complex alternatives.

5.2 When is Google Trends Effective?

Figure 5 illustrates the relative performance of the nowcasting (1-month ahead fore-

casting) results for each model. Panel (a) displays the difference in squared forecast

error (SE) between the Benchmark model and GT models, where a positive reading

indicates that the Benchmark model’s error was larger, meaning the AR+GT or Full

model performed better in that period. Panel (b) tracks the cumulative squared fore-

cast error over time, where a model with a flatter line is accumulating less error and

is therefore more consistently accurate.

At the start of the period, during the 2008 financial crisis, our GT models perform

well, exhibiting various positive spikes in Panel (a) and remaining below the bench-

mark in cumulative errors in Panel (b). However, around 2010, during the transition

from the Great Recession to post-crisis, there are multiple large negative spikes in

Panel (a) for both the AR+GT and Full models. This indicates that, in the period

between regimes, the GT model is struggling to adapt to the changing economic

conditions.
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Figure 5: Out-of-Sample Performance for One-Month Ahead Forecasts

This period of underperformance is likely a direct consequence of the rolling window

methodology employed in the analysis. For forecasts made in 2010 and 2011, the

48-month training window is still heavily populated by data from the Great Reces-

sion. During this crisis period, the model correctly learns that certain crisis-related

variables are powerful predictors of a deteriorating labour market. However, as the

economy transitions into a recovery phase, these learned relationships become unsta-

ble and even misleading.

Following the period of significant underperformance around 2010, the initial ad-

vantage gained by the GT-augmented models during the Great Recession is entirely
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eroded. As shown in Panel (b), the CSFE paths of all models converge, and from ap-

proximately mid-2010 to 2014, they perform almost identically with their cumulative

error lines overlapping.

A minor divergence occurs post-2014, where the Full model establishes and main-

tains a consistent, albeit small, advantage over the other models. Critically, the gap

between the CSFE lines in Panel (b) remains stable and does not widen between 2014

and the onset of the Covid-19 pandemic. This indicates that, on average, the mod-

els had equal forecast accuracy during this multi-year period; the Full model was

merely preserving an earlier-gained lead. This is corroborated by Panel (a), where

the squared error difference fluctuates symmetrically around the zero line throughout

this period of relative economic calm.

During the final five years of the sample a new pattern emerges. First, all of the models

experience a steep increase in CSFE, with the Benchmark being hit the hardest.

Looking at Panel (a), at the start of the highlighted Covid period, the AR+GT and

Full models outperform the Benchmark in several windows at the start of the period

– shown by the large positive spikes from 2020 through to 2022. This creates a gap

between the models’ CSFEs, with the Benchmark having the largest, followed by the

AR+GT, and then the Full model.

Looking at this period more closely in Figure 6, which isolates model performance

exclusively during the Covid-19 pandemic, reveals that the AR+GT and Full models

performed almost identically for the whole of this period, as evidenced by their nearly

entirely overlapping CSFE paths. This implies that during this period of high volatil-

ity, the traditional economic indicators included in the Full model provided little

to no additional predictive power beyond the GT variables. This finding offers com-

pelling evidence for the utility of search data during turbulent periods; its real-time

nature allows the more parsimonious AR+GT model to match the performance of the

most comprehensive model precisely when traditional economic relationships may be

breaking down.

A similar divergence in model performance is observed during the Great Recession

period (2007-2009), as illustrated in Figure A7. Consistent with the findings from

the Covid-19 crisis, the Full and AR+GT models again exhibit nearly identical per-

formance, with their CSFE paths closely tracking one another. In contrast, the

Benchmark model underperforms, as its cumulative error gradually separates and

rises above that of the GT-augmented models throughout this period.
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Figure 6: Cumulative Squared Forecast Error during Covid-19 Pandemic (1-Month
Horizon)

5.3 Do these findings hold for non-linear methods?

To assess whether a non-linear functional form can outperform the linear models, we

conduct a robustness check using a Random Forest model. This serves as a check to

see if the lack of statistically significant improvements from the linear models over the

Benchmark is due to a misspecification of the functional form. Using the eight most

selected variables identified in the coefficient analysis from the Full model, shown

in Figure 3, we run a Random Forest model forecasting the same one-month ahead

rolling windows as before (in Table 3).

Table 4: Random Forest Out-of-Sample Nowcasting Performance

Metric Random Forest Benchmark

Panel A: Performance Metrics
Root Mean Squared Error (RMSE) 0.1028 0.1100
Mean Absolute Error (MAE) 0.0808 0.0864
R-squared (R2) 0.2200 0.1074

Panel B: Diebold-Mariano Test vs. Benchmark
DM Statistic -2.1206
p-value 0.0340*

Notes: Random Forest was implemented with scikit-learn. *p < 0.10, **p < 0.05, ***p <
0.01.

Table 4 shows that this model outperforms the linear models, with an RMSE improve-

ment of 4% over the best-performing linear model. Furthermore, this is statistically

significant over the Benchmark, suggesting that the non-linear approach captures re-

lationships that the linear models could not. This provides a promising result and
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highlights the need for further research into combining non-linear methods with GT

data for macroeconomic forecasting.

6 Conclusions

The in-sample results initially suggest that the inclusion of GT and traditional eco-

nomic variables provides substantial explanatory power, as evidenced by the signifi-

cantly higher R2 statistics and lower RMSE of the AR+GT and Full models. However,

the large discrepancy between the standard R2 and Adjusted-R2 statistics signals the

critical issue of overfitting. The out-of-sample analysis confirms this, demonstrat-

ing that the impressive in-sample fit does not translate into statistically significant

out-of-sample predictive power. This highlights the primary challenge of using high-

dimensional data in forecasting: the risk of modelling in-sample noise rather than the

true underlying signal.

The in-sample coefficient evolution plots reveal significant time-varying relationships

and parameter instability, which helps to explain the models’ inconsistent out-of-

sample performance. The analysis identifies two distinct types of predictors: sta-

ble indicators like Redundancy, ∆Claimant Countt−1 and the autoregressive terms,

and unstable, ‘event-driven’ indicators like Learn New Skills and financial metrics.

Nowcasting success during the Great Recession and Covid-19 pandemic was driven by

the activation of these volatile predictors. However, this strength became a liability

during post-crisis recoveries, as models trained on crisis-era data struggled to adapt

to the new regime. This asymmetry – better at predicting crises than recoveries –

highlights the challenges of using a fixed rolling-window approach amid structural

breaks.

The out-of-sample analysis reveals three main insights. The Full model generally

provides the most accurate forecasts, but its advantage over the simple Benchmark

is marginal and statistically insignificant, except when using Random Forest at the

one-month horizon. GT-augmented models are useful primarily for very short-term

forecasts and during volatile periods, such as the Great Recession and Covid-19 pan-

demic, consistent with evidence that search data excel at nowcasting turning points

rather than long-term trends (Choi, and Varian, 2012; Koop, and Onorante, 2019;

Smith, 2016). Over longer horizons, the Benchmark model proves most robust, as

the predictive signal from high-frequency indicators decays quickly, supporting the

view that simpler models often outperform complex approaches in unemployment

forecasting (Katris, 2020).

Despite these challenges, the findings provide some evidence for the unique value
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of GT data during periods of unprecedented economic shock. During the Covid-

19 pandemic, the performance of the more parsimonious AR+GT model was nearly

identical to that of the Full model. This implies that the traditional economic

indicators added little value beyond the real-time information provided by search

data. This supports the consensus in the literature that GT data is especially useful

for nowcasting when the relationships captured by traditional indicators may lag or

break down entirely (Kohns, and Bhattacharjee, 2023; Scott, and Varian, 2014; Smith,

2016).

Table A6 shows the unemployment data has relatively low month-to-month volatility

for extended periods. For the full sample, the standard deviation of monthly changes

in the unemployment rate is 0.1103. However, during the Post-Recession Recovery

(2009–2016) and Brexit Uncertainty (2016–2020) periods, volatility was even lower,

at 0.0945 and 0.0912 respectively. In such stable environments, where changes are

minimal, it is naturally difficult for any model to meaningfully outperform a simple

benchmark. By contrast, during periods of heightened uncertainty – the Great Re-

cession (0.1170) and COVID-19 pandemic (0.1256) – models incorporating GT and

traditional indicators provide the most predictive value. This pattern highlights that

the effectiveness of forecasting models is strongly tied to the volatility of the target

variable.

Several limitations should be considered when interpreting these findings. First, the

selection of GT predictors, while extensive, is not exhaustive, and the results are con-

tingent on this specific set of variables. Second, this study primarily employs a linear

framework (post-shrinkage OLS). The relationship between search behaviour and un-

employment may be non-linear, and more complex machine learning approaches could

potentially yield different results. Third, the use of a fixed 48-month rolling window,

while a standard technique, has shown limitations in adapting to regime changes,

as evidenced by the poor performance during the post-crisis recovery. Alternative

specifications, such as an expanding window or different window lengths, could alter

the findings. Finally, the results are specific to the UK; as noted by Pavlicek and

Kristoufek (2015), the utility of search data for unemployment forecasting is highly

country-specific and may not be generalisable.

Based on the study’s conclusions, several avenues for future research could yield

valuable insights. First, exploring non-linear machine learning models could better

capture the complex, time-varying relationships that a linear framework may miss.

Second, to address the limitations of the fixed rolling-window, more adaptive frame-

works could be developed; for instance, Markov-switching models could formally iden-

tify different economic regimes, while a Dynamic Model Switching (DMS) approach
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could use stable predictors during calm periods and activate event-driven ones during

crises. Finally, conducting a cross-country comparative analysis would be essential

to test the external validity and generalizability of this study’s key findings across

different economies.
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Appendix

Replication Package

The replication package for this dissertation, including all code, Python pack-

ages, and data used for the analyses, is publicly available at:

https://github.com/Arthur-Grainger/MSc-Dissertation.

This repository contains all scripts, datasets, and documentation necessary to

reproduce the results presented in this dissertation.

Figure A1: ACF and PACF plots for the time series data.

(a) Autocorrelation Function (ACF)
(b) Partial Autocorrelation Function
(PACF)

Notes: The shaded area represents the 95% confidence interval. Graphs were created using the
statsmodels (Seabold, and Perktold, 2010) package in Python.

Table A1: Google Trends Search Variables

Category Variables

Search Terms (26) Apprenticeships, Bankruptcy, Birmingham Jobs,
Construction Work, Employment Rights, Employment,
Finance Jobs, Free Courses, Hospitality Jobs, Jobs, Job
Centre, Job Market, Jobseekers Allowance, Layoffs, Learn
New Skills, London Jobs, Manchester Jobs, Manufacturing
Jobs, Part Time Work, Recession, Recruitment Agencies,
Redundancy, Retail Jobs, Retraining, Tech Jobs, Work
From Home Jobs

Websites (4) Indeed, CV Library, Reed, LinkedIn

Topics (10) Brexit, Citizens Advice, Cover Letter, Financial Crisis,
Furlough, Jobseeker’s Allowance, Remote Work,
Unemployment, Unemployment Benefits, Universal Credit
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Figure A2: Event Indicators Plots

39



Table A2: Definitions of Core Crisis Periods

Event Core Period Source

Great Recession Dec 2007 – Jun 2009 (Federal Reserve History, 2013)

Brexit Uncertainty Jun 2016 – Jan 2020 (BBC News, 2016)

COVID-19 Pandemic May 2020 – May 2023 (Centers for Disease Control
and Prevention, 2023)

Table A3: Summary of Stationarity Test Results and Integration Orders

Integration
Order

Count Variables

I(0) 14 Brexit, Employment, FTSE Returns*, Furlough, Job

Seekers Allowance, Learn New Skills, Manufacturing
Jobs, Recruitment Agencies, Redundancy, Retraining,
Retail Sales Index*, Unemployment, Unemployment

Benefits, FTSE Vol 3m*

I(1) 29 Apprenticeships, Bankruptcy, Birmingham Jobs,
Citizens Advice, Claimant Count*, Construction

Work, Cover Letter, CV Library, Employment Rights,
Finance Jobs, Financial Crisis, Free Courses,
Hospitality Jobs, Jobseekers Allowance, Jobs, Job

Centre, Job Market, Layoffs, London Jobs, Manchester
Jobs, Part Time Work, Recession, Reed, Remote Work,
Retail Jobs, Tech Jobs, UK EPU Index*, Unemployment
Rate*, Work From Home Jobs

I(2) 3 Indeed, LinkedIn, Universal Credit

Notes: Variables marked with * are traditional economic indicators. Variables without asterisks
are GT search terms, topics, or websites. See Table A7, Table A8, and Table A9 for detailed
test results.
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Figure A3: Trend Inspection Plots

(a) Employment Rights Trend

(b) Learn New Skills Trend
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Figure A4: Distribution of linear trends for GT variables
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Table A4: Engle-Granger Cointegration Test Results with unemp rate as Target

Variable EG Statistic P-value Cointegrated at 5%

claimant count -1.4086 0.7946 No
UK EPU Index -1.5391 0.7459 No
apprenticeships -1.1942 0.8594 No
bankruptcy -2.0492 0.5029 No
birmingham jobs -1.0415 0.8947 No
citizens advice -1.3803 0.8042 No
construction work -2.0255 0.5153 No
cover letter -1.4271 0.7881 No
cv-library -1.1491 0.8707 No
employment rights -1.4377 0.7843 No
finance jobs -1.1180 0.8781 No
Financial crisis -1.4211 0.7902 No
free courses -2.1180 0.4670 No
hospitality jobs -1.2014 0.8575 No
jobseekers allowance -4.1973 0.0037 Yes
jobs -1.4776 0.7697 No
job centre -1.9552 0.5518 No
job market -1.4444 0.7819 No
layoffs -1.4979 0.7620 No
london jobs -1.7964 0.6315 No
manchester jobs -2.1672 0.4414 No
part time work -1.1218 0.8772 No
recession -1.4294 0.7873 No
reed -2.0639 0.4952 No
remote work -1.8846 0.5878 No
retail jobs -2.4014 0.3242 No
tech jobs -1.7513 0.6530 No
work from home jobs -1.8690 0.5956 No

Notes: The Engle-Granger (EG) test for cointegration tests the null hypothesis of no cointe-
gration. The null is rejected if the EG statistic is more negative than the critical value. The
5% and 1% critical values for these tests were -3.3605 and -3.9404, respectively.
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Table A5: Out-of-Sample Forecasting Performance by Model and Horizon

Model / Statistic 1-Month 3-Month 6-Month 12-Month

Panel A: Root Mean Squared Error (RMSE)
Benchmark 0.1097 0.1126 0.1165 0.1089
AR+GT Model

Lasso 0.1113 0.1187 0.1182 0.1202
Elastic Net 0.1095 0.1178 0.1178 0.1213

Full Model
Lasso 0.1088 0.1083 0.1117 0.1102
Elastic Net 0.1071 0.1098 0.1122 0.1118

Panel B: Diebold-Mariano Test p-values (vs. Benchmark)
AR+GT Model

Lasso 0.672 0.306 0.717 0.109
Elastic Net 0.954 0.358 0.780 0.078*

Full Model
Lasso 0.831 0.164 0.261 0.731
Elastic Net 0.571 0.382 0.297 0.431

Panel C: Cumulative Squared Forecast Error (CSFE)
Benchmark 2.421 2.520 2.659 2.255
AR+GT Model

Lasso 2.491 2.802 2.737 2.746
Elastic Net 2.412 2.767 2.718 2.796

Full Model
Lasso 2.375 2.334 2.444 2.307
Elastic Net 2.304 2.401 2.468 2.373

Panel D: Best Performing Model (Lowest RMSE)
Model(s) Full (Elastic) Full (Lasso) Full (Lasso) Benchmark

Table A6: Descriptive Statistics for the First-Differenced Unemployment Rate (∆ut)

Period Start Date End Date Mean Std. Dev. Variance

Overall Sample 2004-07 2025-03 −0.0008 0.1103 0.0122
Pre-Recession 2004-01 2007-11 0.0098 0.0735 0.0054
Great Recession 2007-12 2009-06 0.1421 0.1170 0.0137
Post-Recession Recovery 2009-07 2016-05 −0.0361 0.0945 0.0089
Brexit Uncertainty 2016-06 2020-02 −0.0178 0.0912 0.0083
COVID-19 & Aftermath 2020-03 2025-03 0.0082 0.1256 0.0158
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Figure A5: Evolution of Top 9 to 16 Post-Elastic Net OLS Full Model Coefficients
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Figure A6: Evolution of Post-Elastic Net OLS AR+GT Model Coefficients
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Figure A7: Cumulative Squared Forecast Error during Great Recession (1-Month
Horizon)
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Table A7: Augmented Dickey-Fuller Test for Stationarity: Levels

Variable Test Type Lags ADF Statistic P-value Stationary at 5%

claimant count Constant 9 -2.6711 0.0792 No
UK EPU index Constant 3 -2.5083 0.1135 No
ftse returns Constant 0 -16.3209 0.0000 Yes
retail sales index Constant 8 -7.6049 0.0000 Yes
unemp rate Constant 2 -1.2002 0.6735 No
apprenticeships Constant 3 -1.3619 0.6004 No
bankruptcy Constant 2 -1.5991 0.4840 No
birmingham jobs Constant 5 -2.2870 0.1762 No
brexit Constant 3 -3.2799 0.0158 Yes
citizens advice Constant 16 -1.9800 0.2954 No
construction work Constant 11 -2.0703 0.2566 No
cover letter Constant 12 -1.7644 0.3983 No
cv-library Constant 3 -2.0615 0.2603 No
employment rights Constant & Trend 6 -0.6526 0.9761 No
employment Constant 2 -6.2103 0.0000 Yes
finance jobs Constant 5 -1.4271 0.5692 No
Financial crisis Constant 13 -2.2866 0.1763 No
free courses Constant 9 -2.7026 0.0736 No
furlough Constant 9 -3.3226 0.0139 Yes
hospitality jobs Constant 7 -0.0247 0.9564 No
indeed Constant 13 -1.4983 0.5343 No
job-seekers Allowance Constant 6 -2.8829 0.0474 Yes
jobseekers allowance Constant 2 -1.2218 0.6642 No
jobs Constant 15 -1.3574 0.6025 No
job centre Constant 15 -0.5899 0.8733 No
job market Constant 4 -1.9005 0.3318 No
layoffs Constant 5 -2.3745 0.1491 No
learn new skills Constant & Trend 6 -3.7045 0.0221 Yes
linkedin Constant 9 -1.6192 0.4732 No
london jobs Constant 3 -1.8046 0.3782 No
manchester jobs Constant 2 -1.8724 0.3451 No
manufacturing jobs Constant 4 -3.5497 0.0017 Yes
part time work Constant 4 -2.2345 0.1940 No
recession Constant 12 -2.7741 0.0621 No
recruitment agencies Constant 4 -5.5131 0.0000 Yes
redundancy Constant 3 -4.6977 0.0001 Yes
reed Constant 2 -0.2490 0.9324 No
remote work Constant 2 0.9084 0.9932 No
retail jobs Constant 5 -1.3970 0.5837 No
retraining Constant 0 -13.3279 0.0000 Yes
tech jobs Constant 3 0.2587 0.9754 No
unemployment benefits Constant 3 -3.2040 0.0198 Yes
unemployment Constant 3 -2.8875 0.0468 Yes
universal credit Constant 9 -0.4819 0.8955 No
work from home jobs Constant 14 0.3034 0.9775 No
ftse vol 3m Constant 9 -4.0134 0.0013 Yes
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Table A8: Augmented Dickey-Fuller Test for Stationarity: First Difference

Variable Test Type Lags ADF Statistic P-value Stationary at 5%

claimant count Constant 2 -6.3446 0.0000 Yes
UK EPU index Constant 2 -13.4433 0.0000 Yes
unemp rate Constant 1 -6.4367 0.0000 Yes
apprenticeships Constant 2 -12.2954 0.0000 Yes
bankruptcy Constant 1 -14.6433 0.0000 Yes
birmingham jobs Constant 4 -10.2658 0.0000 Yes
citizens advice Constant 15 -5.0047 0.0000 Yes
construction work Constant 10 -5.8486 0.0000 Yes
cover letter Constant 11 -3.4293 0.0100 Yes
cv-library Constant 2 -12.7004 0.0000 Yes
employment rights Constant 4 -10.7048 0.0000 Yes
finance jobs Constant 4 -10.7187 0.0000 Yes
Financial crisis Constant 11 -7.0126 0.0000 Yes
free courses Constant 8 -6.4903 0.0000 Yes
hospitality jobs Constant 6 -10.9451 0.0000 Yes
indeed Constant 12 -2.4755 0.1216 No
jobseekers allowance Constant 1 -13.9529 0.0000 Yes
jobs Constant 14 -3.9461 0.0017 Yes
job centre Constant 14 -4.8247 0.0000 Yes
job market Constant 3 -11.4635 0.0000 Yes
layoffs Constant 9 -6.5875 0.0000 Yes
linkedin Constant 16 -2.4059 0.1401 No
london jobs Constant 2 -11.7225 0.0000 Yes
manchester jobs Constant 1 -15.2321 0.0000 Yes
part time work Constant 3 -11.8913 0.0000 Yes
recession Constant 11 -6.4244 0.0000 Yes
reed Constant 1 -17.4278 0.0000 Yes
remote work Constant 1 -16.2265 0.0000 Yes
retail jobs Constant 4 -9.8982 0.0000 Yes
tech jobs Constant 2 -13.4286 0.0000 Yes
universal credit Constant 16 -1.9397 0.3136 No
work from home jobs Constant 13 -4.6539 0.0001 Yes

Table A9: Augmented Dickey-Fuller Test for Stationarity: Second Difference

Variable Test Type Lags ADF Statistic P-value Stationary at 5%

indeed Constant 10 -11.6195 0.0000 Yes
linkedin Constant 15 -6.9232 0.0000 Yes
universal

credit Constant 15 -8.2080 0.0000 Yes

Notes: the 5% critical value for tests with a ‘Constant’ is approximately -2.87, and for tests
with ‘Constant & Trend’ it is approximately -3.43. The exact values can vary slightly with the
sample size of each specific test.
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Figure A8: Secondary Data Checklist
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