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Abstract

This thesis applies Functional Data Analysis (FDA) to model and interpret the weekly spread of

COVID­19 in Lithuanian municipalities from 2020 to 2022, treating all relevant processes as smooth

functional trajectories. To better understand the influences behind COVID­19 dynamics over time,

the analysis examines the roles of weather conditions (temperature and absolute humidity), vaccina­

tion rollout, and Lithuanian media sentiment. The methodological framework integrates Functional

Principal Component Analysis (FPCA), Functional Canonical Correlation Analysis (FCCA), lagged FCCA,

and function­on­function regression into a single workflow, representing a relatively rare application

of a unified FDA approach to epidemic processes in Lithuania.

The results show that seasonal meteorological patterns were the dominant structural drivers

of COVID­19 cases, that vaccination effects primarily reflected national synchronisation rather than

municipality­level variation, and that media sentiment offered a modest but anticipatory signal of

rising case numbers. These findings highlight how FDA can reveal coherent temporal relationships

across epidemiological, environmental, and informational processes, and demonstrate its potential

for improving epidemic monitoring in settings with rich time­series data.

Keywords: COVID­19, Media Sentiment, Functional Data Analysis, Functional Canonical Corre­

lation Analysis, Function­on­Function Regression
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Santrauka

Šiame darbe taikomi funkcinės duomenų analizės (FDA) metodai, siekiant modeliuoti ir inter­

pretuoti savaitinį COVID­19 plitimą Lietuvos savivaldybėse 2020–2022 m., visus nagrinėjamus proce­

sus traktuojant kaip glotnias funkcines trajektorijas. Norint geriau suprasti COVID­19 dinamiką laikui

bėgant, tyrime analizuojamas oro sąlygų poveikis (temperatūros ir absoliučios drėgmės), vakcinacijos

diegimo eiga bei Lietuvos žiniasklaidos nuotaikos. Metodologinis pagrindas apima funkcinę pagrin­

dinių komponentų analizę (FPCA), funkcinę kanoninę koreliacijos analizę (FCCA), vėluojančią funkcinę

kanoninę koreliacijos analizę (lagged FCCA) bei funkcinę regresiją funkcijai pagal funkciją (function­

on­function regression), kurios kartu sudaro vientisą analizės sistemą. Toks integruotas FDA metodų

taikymas epideminiams procesams Lietuvoje yra palyginti retas.

Gauti rezultatai rodo, kad sezoniniai meteorologiniai dėsningumai buvo pagrindiniai struk­

tūriniai COVID­19 atvejų dinamikos veiksniai, vakcinacijos poveikis daugiausiai atspindėjo na­

cionalinio lygmens sinchronizaciją nei savivaldybių skirtumus, o žiniasklaidos nuotaikos suteikė

silpną, tačiau ankstyvą signalą apie galimą atvejų augimą. Šie rezultatai parodo, kad FDA leidžia

atskleisti nuoseklius laiko ryšius tarp epidemiologinių, aplinkos ir informacinių procesų bei pabrėžia

šių metodų potencialą gerinant epidemijų stebėseną aplinkose, kuriose prieinami išsamūs laiko

eilučių duomenys.

Reikšminiai žodžiai: COVID­19, žiniasklaidos nuotaikos, funkcinė duomenų analizė, funkcinė

kanoninė koreliacijos analizė, funkcinė regresija funkcijai pagal funkciją
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Introduction

The COVID­19 pandemic, caused by the SARS­CoV­2 virus, was officially declared on 11 March

2020 [17]. Since then, more than 780 million cases have been reported globally [56], with Lithua­

nia approaching 1.5 million confirmed infections. Understanding the drivers of COVID­19 transmis­

sion is critical for designing effective public health responses. Prior research has identified a wide

range of environmental, demographic, and socio­behavioural factors that shape epidemic dynamics.

Seasonal climate conditions, population structure, behavioural restrictions, and changes in mobility

have all been linked to transmission patterns [18]. Government policies—including quarantine mea­

sures, mobility limitations, and vaccination campaigns—have substantially influenced the course of

the pandemic [47]. However, these factors do not operate independently and rather interact through

complex temporal pathways.

This thesis focuses on three different variables on COVID­19 dynamics in Lithuania: weather,

vaccination rollout, and media sentiment. Like many countries, Lithuania experienced multiple epi­

demic waves and periods of strict societal restrictions through quarantine. Analysing the combined

influence of meteorological conditions, vaccination trends, and public sentiment provides a more

complete understanding of how these elements shaped the trajectory of the pandemic. The moti­

vation arises from the need to explain why infection rates fluctuated over time and to what extent

external environmental conditions (such as temperature and absolute humidity), biomedical inter­

ventions (vaccination), and societal factors (media coverage and sentiment) contributed to these

fluctuations.

While many international studies have examined these drivers separately, relatively little at­

tention has been given to an integrated, time­series analysis specifically for Lithuania—a country

characterised by pronounced seasonal weather patterns, a highly coordinated national vaccination

campaign, and an active media environment. Addressing this gap helps clarify Lithuania’s pandemic

dynamics and provides insights relevant to monitoring future outbreaks or emerging infectious dis­

eases in comparable settings.

The aim of this thesis is to apply Functional Data Analysis (FDA) to model COVID­19 epidemi­

ological trends in Lithuania and to investigate how weather variables, vaccination trajectories, and

national media sentiment relate to the evolution of infection rates. More specifically, the thesis ob­

jectives are to:

1. model the COVID­19 infection rate as a smooth function of time using FDA;

2. examine how weekly temperature and absolute humidity, along with vaccination patterns, re­

late to infection dynamics using Functional Canonical Correlation Analysis (FCCA), including

lagged correlations;

3. incorporate weekly national­level media sentiment as an additional functional predictor to ex­

plore its temporal relationship with epidemic behaviour.

FDA treats time­varying processes as continuous curves rather than discrete observations. This

enables the analysis of how temporal fluctuations in one curve (for example, vaccination uptake)
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correspond to fluctuations in another (infection rate) over the sameperiod. Representing all variables

as functional objects provides a framework for studying shared temporal structure, alignment, and

lead–lag relationships that are not visible in pointwise or discrete­time models.

The empirical analysis draws on a comprehensive dataset covering the 2020–2022 period. The

dataset includes weekly COVID­19 case counts, daily meteorological observations (temperature and

absolute humidity), vaccination data (first, second, booster, and total doses), and a national­level

media sentiment index derived from major Lithuanian news portals. Using FDA techniques, smooth

functional curves are constructed to represent the progression of each variable across time. The re­

sults of the study reflect how these processes jointly contributed to the large­scale temporal structure

of the epidemic in Lithuania.

This thesis is structured as follows: the Literature Review summarises existing research on the

roles of weather, vaccination, and media sentiment in shaping COVID­19 transmission, and intro­

duces the theoretical foundations of FDA and its applications in epidemiology. The Data Preparation

chapter describes data sources, preprocessing procedures, and construction of functional represen­

tations. The Functional Modelling chapter outlines the analytical framework, including FPCA, FCCA,

lagged FCCA, and function­on­function regression. The Results chapter presents the empirical find­

ings, and the Conclusions and Recommendations section summarises key insights and discusses their

implications for epidemic monitoring and future research.
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1 Literature Review

1.1 Meteorological Drivers of COVID­19 Transmission

A substantial amount of researchers have examined whether COVID­19 follows seasonal pat­

terns similar to other respiratory viruses. Evidence shows that pathogens such as influenza spread

more efficiently under cold, dry conditions due to biologicalmechanisms—greater viral stability, rapid

droplet evaporation, together with behavioural changes such as increased indoor gatherings during

winter [37]. Early pandemic research, therefore, investigated whether similar mechanisms affected

SARS­CoV­2.

Empirical studies from Europe andNorth America consistently report an inverse association be­

tween temperature and COVID­19 cases or mortality [14, 18]. Although Lithuania’s climate is classi­

fied as continental, its winter–summer contrasts resemble the temperate regions examined in these

studies. Global analyses also reinforce this relationship: Chen et al.[12] showed that countries lo­

cated further from the equator—used as a proxy for lower long­term average temperature—expe­

rienced substantially higher case rates. Absolute humidity plays a parallel role ­ the literature dis­

tinguishes between absolute humidity (AH), which measures actual water vapour content, and rela­

tive humidity (RH), which varies strongly with temperature [19]. Foundational research in influenza

demonstrates that low AH increases viral stability and transmission potential [46], and recent multi­

city analyses of COVID­19 replicate this pattern [38]. RH, by contrast, fluctuates too quickly with

temperature to consistently represent moisture levels, particularly in cold climates where indoor AH

drops during heating seasons. Long­term influenza studies similarly find AH to be the more robust

predictor of viral activity [41]. Taken together, these results show temperature and absolute humidity

as the most biologically and statistically informative meteorological variables. Their clear seasonal

pattern and well­understood biological links to respiratory virus transmission justify including them

as core predictors in the functional modelling framework of this thesis.

1.2 Vaccination and Epidemic Dynamics

COVID­19 vaccination campaigns substantially altered the trajectory of the pandemic. Clini­

cal and observational evidence shows that vaccines reduce infection, transmission, and severe out­

comes [20], and that regions with higher vaccination coverage experienced lower cases andmortality

[48]. At the global level, modelling studies estimate that vaccination prevented between 14 and 20

million deaths in its first year [53]. However, the relationship between vaccination and cases is dif­

ficult to interpret because vaccination rates usually increase during or immediately after surges in

cases, making it hard to separate the effects of one from the other. Vaccination rates frequently

rose in response to worsening epidemiological conditions, and national rollouts were highly syn­

chronised across municipalities. Consequently, simple correlations between vaccination and cases

must be interpreted cautiously: shared national timing can produce strong associations even when

municipality­level variation is minimal. The timing and speed of rollout are also important. Stud­

ies show that earlier campaigns provide greater epidemic control benefits [33], and modelling work
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has demonstrated nuanced interactions between vaccination schedules and natural epidemic cycles

[10]. These findings underscore the temporal nature of vaccination effects—an aspect well suited to

functional analysis, which emphasises trajectories rather than isolated time points.

Lithuania’s 2021 vaccination campaign followed these general patterns. The introduction of

the “Opportunity Passport” accelerated uptake across age groups and produced higher coverage

than in neighbouring countries [51]. By early 2022, more than 72% of the population had received

at least one dose [35]. Despite this high national uptake, municipal­level vaccination curves re­

mained strongly synchronised, limiting their ability to explain spatial differences in cases—an issue

that emerges clearly in the empirical results of this thesis.

1.3 Media Sentiment as Behavioural and Informational Signal

The COVID­19 pandemic unfolded alongside an unprecedented surge in news coverage. Pub­

lic sentiment—reflecting collective fear, uncertainty, or reassurance, was closely linked to epidemic

dynamics. Sharp declines in global sentiment followed major outbreak announcements [52], and

news tone has been shown to influence behaviour: in the United Kingdom, evidence­based report­

ing decreased mobility in retail and recreational settings [11]. Sentiment also affects vaccination

willingness, with positive vaccine­related sentiment preceding increased uptake [6]. Because senti­

ment is shaped by media attention, it often anticipates epidemiological changes. Coverage typically

intensifies as early signs of deterioration emerge, producing negative sentiment weeks before case

numbers peak. For this reason, sentiment functions more as an informational early­warning indica­

tor than as a direct behavioural driver—particularly when derived from news headlines rather than

social media posts.

From amethodological perspective, sentiment extraction can rely on either lexicon­based tools

or supervised machine­learning models. Lexicon­based methods such as VADER are interpretable

and computationally efficient, but they often misclassify pandemic­specific terminology and strug­

gle with contextualmeanings. Machine­learning approaches—including TF–IDFwith linear classifiers

and transformer­basedmodels—provide higher accuracy and adapt better to domain­specific vocab­

ulary [3, 15]. Additionally, becausemany advanced sentiment models are English­based, researchers

commonly translate text prior to analysis. Machine translation has been shown to preserve senti­

ment polarity sufficiently for downstream classification tasks across multiple language pairs [2, 4, 5].

These findings support the translation­based pipeline employed in this thesis for Lithuanian news

headlines.

1.4 Functional Data Approaches in Epidemic Research

Many pandemic­related processes evolve continuously in time: cases rise and fall in waves,

vaccination uptake progresses through distinct phases, meteorological variables follow seasonal cy­

cles, and sentiment fluctuateswith changes in the informationenvironment. Functional DataAnalysis

(FDA) treats such processes as smooth trajectories rather than as discrete observations, offering tools

for identifying dominant temporal structures and modelling complex time­varying relationships.
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Previous research demonstrates the value of FDA in epidemiological settings. Tang et al. [49]

used functional time­series models to analyse COVID­19 case curves in the United States, finding

improved predictive performance relative to traditional approaches. Functional clustering of SARS­

CoV­2 case curves has revealed spatiotemporal patterns in European regions [44], and functional re­

gression has been used to evaluate how time­varying covariates relate to mortality and transmission

dynamics [9]. These studies support the modelling strategy used in this thesis: isolating dominant

temporal modes using FPCA, analysing shared timing through FCCA and lagged correlations, and es­

timating joint influences using function­on­function regression.
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2 Data Preparation

This chapter describes the data sources, pre­processing procedures, and initial exploratory an­

alyzes undertaken prior to functional modeling.

2.1 Data Description

The empirical analysis integrates four independent datasets: epidemiological data (containing

COVID­19 cases), vaccination data, meteorological measurements (temperature and absolute hu­

midity), and media sentiment, derived from headlines from three major Lithuanian newspapers. All

datasets are obtained daily for the period from January 2020 to the end ofMarch 2022 and represent

the period with the highest peak of coronavirus disease spread. As shown in Figure 1, data are later

aggregated to a consistent weekly frequency as it reduces stochastic noise in cases and vaccination

records, aligns with epidemiological reporting cycles, and ensures consistent temporal resolution

across datasets.

Figure 1: National weekly aggregates for key variables used in the analysis: COVID­19 cases, vaccina­

tions, meteorological conditions (temperature and absolute humidity), and averagemedia sentiment.

2.1.1 Epidemiological Data

Daily COVID­19 case counts were retrieved from the Lithuanian Ministry of Health Open Data

Portal [30]. After removing two ambiguousmunicipality categories (“Nežinoma”, “Nenustatyta”), the

data set comprises 60 Lithuanianmunicipalities with complete daily data. Daily COVID­19 cases were

aggregated into weekly totals, generating a weekly municipality level dataset. The national weekly

case curve was calculated as the average in all municipalities, as shown in Figure 1. The raw and

smoothed weekly case curves for all municipalities are shown in Figure 2. The data in the initial

and smoothed plots emphasize two periods of sharper peaks during the major quarantine periods in

Lithuania.
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Figure 2: Initial and smoothed weekly COVID­19 case curves for all 60 municipalities.

2.1.2 Vaccination Data

Vaccination data were obtained from the Lithuanian national open data platform [34]. Individ­

ual vaccination records included dose type (first, second, or booster) and date of administration.

Weekly municipality­level counts were constructed for variables First dose, Second dose, Booster

doses and Total vaccinations. These variables reflect the dynamics of vaccination rollout in Lithuania.

Although four variables were derived, first, second, and booster doses follow nearly identical tem­

poral patterns nationally, justifying the use of the aggregated total vaccinations as the main variable

in this thesis. Figure 3 presents the raw and smoothed total vaccination curves across municipalities,

highlighting the heterogeneity in the timing and intensity, with more total vaccines administered in

cities with higher population counts.

Figure 3: Initial and smoothed weekly COVID­19 vaccination curves for all 60 municipalities.
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2.1.3 Weather Data

Daily air temperature ◦C and relative humidity (%) were retrieved from the Lithuanian Hy­

drometeorological Service API [31]. Absolute humidity (AH) was manually computed using the Mag­

nus–Tetens approximation [1]. In all formulas below, T denotes air temperature in degrees Celsius,

and the denominator T + 273.15 converts temperature to Kelvin for the calculation of absolute hu­

midity. The daily meteorological values were aggregated to weekly means, and two variables ­ Tem­

perature and Absolute Humidity were constructed.

Let T denote air temperature in ◦C and RH the relative humidity (in %). The saturation vapour

pressure is approximated by

es(T ) = 6.112 exp

(
17.67T

T + 243.5

)
,

the actual vapour pressure by

e =
RH

100
es(T ),

and absolute humidity by

AH =
2.1674 e

T + 273.15
.

Figure 4: Initial and smoothed weekly air temperature and absolute humidity (AH) curves for all 60

municipalities.

Figure 4 shows the two weather variables before and after smoothing. The raw trajectories

display substantial short­term variability, particularly during winter months, but a clear annual pat­

tern is evident in both variables. It can be seen that temperature increases from early spring to

midsummer and declines again toward winter, and absolute humidity showcases a closely aligned

pattern. Although temperature and absolute humidity vary only modestly across municipalities, us­

ing municipality­specific curves preserves appropriate alignment with the spatial units used in the

cases and vaccination datasets.
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2.1.4 Media Sentiment Data

Approximately 33,000 COVID­related news headlines were scraped from Lithuania’s three ma­

jor news portals. Using Python, specific outlet queries searched Delfi (www.delfi.lt), LRT (www.lrt.lt),

and Lrytas (www.lrytas.lt), and stored articles where headlines contained keywords ”covid” or ”ko­

rona”. As articles were obtained in Lithuanian language, for further analysis purposes they were

firstly translated to English and later, a supervised classifier, described in Section 3.2.4, assigned each

headline a sentiment label (negative, neutral, positive) which was later aggregated to weekly means,

denoted as Sentiment Average variable and used in further functional modelling. Municipality­level

headline counts were insufficient for reliable sentiment curves, therefore, sentiment was modelled

as a national­level covariate.

Figure 5: Initial and smoothed weekly media sentiment curves across three major media outlets:

Delfi, LRT, and Lrytas.

Figure 5 shows that the initial sentiment curves exhibit substantial short­term fluctuations

around zero, reflecting the noisiness of sentence­level sentiment scores and the variability of daily

news coverage. After smoothing, a clearer temporal structure emerges: all outlets display predomi­

nantly negative sentiment throughout the period, generally remaining between−0.30 and 0.05. The
trajectories differ inmagnitude, withDelfi and Lrytas showing consistently more negative tone, while

LRT (the national public broadcaster) maintains a more neutral stance. Notably, LRT is also the only

outlet that occasionally reaches positive sentiment peaks, seen in the initial curves. Despite these

differences, the overall shapes of the curves remain broadly similar across outlets. Mild oscillatory

patterns coincide with major pandemic waves (e.g., during 2020–2021 and late 2021), suggesting

sentiment becomes more negative during periods of epidemiological stress. Compared with mete­

orological variables, however, sentiment curves exhibit weaker seasonal regularity and more outlet­

specific variation.
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2.2 Preprocessing and Harmonization

All datasets were synchronised using the ISO 8601 week­date standard [25]. Data transforma­

tion and harmonization followed tidy data principles [54] and standard time­series pre­processing

approaches [22].

2.2.1 ISO Week Alignment

Temporal alignment across all datasets followed the ISO 8601 standard, which defines a con­

sistent system of week numbering with Monday as the first day of the week. Each observation was

assigned an ISO week identifier of the form YYYY-Www, after which the weekly domain was indexed

sequentially as t = 1, . . . , 116. Only weeks present simultaneously in all data sources were retained,

resulting in a harmonised panel of 116 aligned weeks covering the full analysis period.

2.2.2 Treatment of Missing Values

COVID­19 cases and vaccination variables contained no missing values after weekly aggrega­

tion. Some municipalities were missing weekly weather measurements ­ these were replaced with

national same­week averages. The sentiment series contained a small number of missing days (4–5

per outlet) in the early days of the pandemic, when COVID­19 terminology was not yet widely used.

These were imputed using linear interpolation with forward/backward fill. Manual inspection con­

firmed these gaps correspond to days without COVID coverage, not scraping errors, therefore assign­

ing a neutral value is reasonable.

2.2.3 Construction of the Analytical Dataset

Following temporal harmonisation and standardisation of variable formats, all sources were

merged into a unifiedweekly panel suitable for functional analysis. The resulting dataset consisted of

60municipality­level case curves, dose­specific vaccination curves for the same60municipalities, and

corresponding temperature and absolute humidity trajectories. In addition to these municipality­

level variables, three national­level sentiment curves—derived from Delfi, LRT, and Lrytas—were

incorporated as exogenous functional covariates. Together, these components form the analytical

basis for all subsequent Functional Data Analysis procedures.

2.3 Smoothing and Functional Representation

Following the standard FDA formulation [43], each weekly time series was represented as a

functional object using a basis expansion. Let t ∈ [1,116] denote the weekly time domain,Xi(t) the

functional trajectory of municipality i, φj(t) the basis functions, and cij the corresponding expansion

coefficients. The functional representation is

Xi(t) =
K∑
j=1

cij φj(t),

17



whereφj(t) are B­spline or Fourier basis functions, and the coefficients cij are estimated via penalized

least squares.

2.3.1 Basis Selection

To construct functional representations of all weekly time series, appropriate basis systems

were chosen according to the temporal characteristics of each variable. For epidemiological, vaccina­

tion, and sentiment data, a B­spline basis withK = 25 functions was used due to their non­periodic

behaviour. In this setting, the basis functions take the form

φj(t) = Bj(t),

allowing flexible modelling of irregular fluctuations while maintaining local support.

In contrast, temperature and absolute humidity exhibit clear seasonal periodicity. For these

variables, a Fourier basis was employed:

φj(t) ∈ {sin(ωjt), cos(ωjt)}.

The Fourier system efficiently captures cyclical behaviour and avoids edge effects associated with

spline­based representations. The choice of K = 25 basis functions for all variables follows the

practical recommendations of Ramsay and Silverman [43], providing adequate flexibility for recon­

structing weekly dynamics without inducing overfitting.

2.3.2 Roughness Penalty

Functional smoothing was performed using a penalized least squares criterion. To prevent

overfitting to short­term noise, the roughness penalty was applied to the integrated squared sec­

ond derivative of the curve:

Penalty(X) = λ

∫ (
X ′′(t)

)2
dt,

where λ > 0 controls the degree of smoothness. Larger values of λ enforce stronger regularization

and yield smoother curves, whereas smaller values retain more local variation. This formulation

follows the standard FDA framework proposed by Ramsay and Silverman [43].

2.3.3 Smoothing Parameter Selection

The optimal smoothing parameter λ for each variable was selected using Generalized Cross­

Validation (GCV; [16]). For a given λ, the smoothing operation implemented in smooth.basis()
defines a linear smoother

ŷλ = Sλy,
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which allows the GCV score to be computed as

GCV(λ) =
‖y− ŷλ‖2(

1− trace(Sλ)
n

)2 .

Because epidemiological, vaccination, and meteorological datasets include a separate time se­

ries for each municipality, GCV was computed individually for every municipality and then averaged:

GCV(λ) =
1

N

N∑
i=1

GCVi(λ).

The value of λminimizing this average was selected as the global smoothing parameter for that vari­

able. Using a common λ across municipalities ensures that all functional trajectories are smoothed

to a comparable degree, which is essential for downstream multivariate analyses such as FPCA and

FCCA. Although the optimalλmay vary slightly betweenmunicipalities, imposing a shared smoothing

parameter avoids distortions in covariance estimation and facilitates meaningful comparison of func­

tional components. This approach is standard for replicated functional data [42]. For single national­

level time series (e.g., media sentiment curves), GCV was computed directly using the observed vec­

tor. A custom grid search over λ values was implemented for each variable type. For B­spline bases,

the grid ranged from 10−6 to 104, while Fourier bases used a more conservative range from 10−6 to

100, reflecting their differing regularity properties. These grids ensured that undersmoothing and

oversmoothing regimes were thoroughly evaluated. Table 1 displays the optimal smoothing param­

eters selected by GCV for each variable.

Table 1: Optimal smoothing parameters λ selected by generalized cross­validation.

Variable Basis Type Optimal λ

Cases B­spline 562.3

Vaccinations – Total B­spline 4.642

Air Temperature Fourier 1

Absolute Humidity Fourier 1

Sentiment – Delfi B­spline 0.6813

Sentiment – LRT B­spline 82.54

Sentiment – Lrytas B­spline 1.778

Sentiment ­ Average B­spline 31.62
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3 Functional Modelling

This chapter presents themethodological framework used to analyse the relationship between

COVID­19 cases, vaccination uptake, meteorological conditions, and media sentiment. The analysis

relies on Functional Data Analysis (FDA), which treats time series as smooth functions rather than

discrete sequences, enabling the extraction of dominant temporal patterns and modelling complex

time­varying dependencies.

3.1 Overview of Analytical Framework

The analytical objective is to examine how vaccination, weather conditions, and media senti­

ment relate to the temporal evolution of COVID­19 cases at national and municipal levels. The main

methodological challenges are that all variables are observed weekly rather than continuously, that

municipalities exhibit heterogeneous curve shapes—especially in vaccination uptake—and that po­

tential effects may operate with temporal delays.

Functional Data Analysis (FDA) is used to address these issues. Weekly observations are first

smoothed into continuous functional curves, after which Functional Principal Component Analysis

(FPCA) is applied to extract dominant temporal patterns. Relationships between cases and each pre­

dictor are then analysed using reduced Functional Canonical Correlation Analysis (FCCA) and lagged

correlation profiles. Finally, the function­on­function regression model quantifies how predictor tra­

jectories are associated with COVID­19 cases over time.

3.2 Sentiment Classification Pipeline

Media sentimentwas used as a functional predictor of COVID­19 cases. Empirical testing on 300

manually labelled headlines showed VADER misclassified pandemic­specific terms (e.g. ‘quarantine’,

‘self­isolation’), yielding inconsistent polarity scores, therefore, a supervised classificationmodel was

developed to assign polarity to headlines from Delfi, LRT, and Lrytas. This approach ensured more

reliable sentiment estimates for COVID­19–specific language.

3.2.1 Text Preprocessing and Translation

To leverage established English Natural Language Processing (NLP) tools, all Lithuanian head­

lines were translated into English using a Google Cloud Translation API [21]. Machine translation has

been shown to preserve sentiment polarity sufficiently for downstream classification tasks [4].

3.2.2 Manual Annotation and Label Construction

A set of 300 randomly sampled headlines was manually labelled into three classes: negative,

neutral, and positive, following standard polarity guidelines [32]. These labels served as ground truth

for supervised sentiment classification.
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3.2.3 Feature Extraction: TF–IDF

Each headline was transformed into a Term Frequency–Inverse Document Frequency (TF–IDF)

vector:

tfidfw,d = tfw,d · log
(

N

dfw

)
,

where tfw,d is the frequency of word w in document d, dfw is the number of documents containing

word w, and N is the total number of documents. TF–IDF weighting highlights discriminative terms

and is widely used in sentiment classification due to its sparsity and interpretability [27].

3.2.4 Classification Model: Multinomial Logistic Regression

A multinomial logistic regression model was trained on the TF–IDF features:

P (Y = c | x) =
exp

(
β>
c x

)∑
k exp

(
β>
k x

) , c ∈ {neg,neu,pos}.

Given the relatively smallmanually labelled dataset (300 headlines), linearmodels such as logis­

tic regression outperform transformer­based approaches, which require substantially more labelled

data. Logistic regression is well­suited for high­dimensional sparse inputs and has demonstrated ro­

bust performance in sentiment classification tasks [8]. The classifier achieved 91% accuracy on a

held­out validation subset and outperformed the lexicon­based VADER tool, which produced incon­

sistent scores on pandemic­specific terminology.

3.2.5 Construction of Weekly Sentiment Curves

The trained model was applied to all ∼33,000 scraped headlines. Predicted labels were

mapped to numerical sentiment values:

negative = −1, neutral = 0, positive = +1.

Daily averages were computed per outlet, then aggregated into weekly means to match the

temporal resolution of epidemiological data. This produced four national­level sentiment curves:

SentDelfi(t), SentLRT(t), SentLrytas(t), Sentavg(t).

These curves were smoothed using penalised B­splines. Because sentiment does not

vary across municipalities, it contains no cross­sectional variation and cannot explain between­

municipality differences for COVID­19 cases. It is therefore treated strictly as a national temporal

covariate. In function­on­function regression, sentiment captures shared temporal alignment with

cases rather than spatial heterogeneity.
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3.3 Functional Principal Component Analysis (FPCA)

FPCA is used to identify the dominant patterns of variation across the 60 municipalities for

cases, vaccination, temperature, and absolute humidity curves. Its role is dual: it reduces each func­

tional trajectory to a small set of principal component scores, and it reveals interpretable modes of

variation, such as shifts between early and late epidemic waves or differences between seasonal and

non­seasonal behaviour. All functional variables in this thesis are treated as elements of L2[1,116],

ensuring well­defined mean functions, covariance operators, and eigenfunction decompositions re­

quired for FPCA.

3.3.1 FPCA Model Formulation

LetXi(t) denote the smoothed trajectory for municipality i and µ(t) the mean function. FPCA

decomposes each curve as:

Xi(t) = µ(t) +
∞∑
k=1

ξik φk(t),

where φk(t) are orthonormal eigenfunctions of the covariance operator, ξik are PC scores, and λk are

eigenvalues satisfying λ1 ≥ λ2 ≥ · · · .
Before performing FPCA, all curves were centred:

Xi(t)← Xi(t)− µ̂(t),

ensuring that PC scores reflect deviations from the temporal mean structure rather than absolute

levels of cases.

Eigenfunctions satisfy: ∫
Σ(s,t)φk(s) ds = λkφk(t),

where Σ(s,t) denotes the covariance surface. In practice, only the first few PCs (typically 2–4) are

retained because they explain most variability, consistent with standard FDA theory [23, 43]. FPCA is

applied to all functional predictors, and their leading components are used to:

• compare temporal patterns across municipalities,

• construct reduced­dimensional inputs for FCCA,

• visualise heterogeneity across curves,

• stabilise multivariate analyses.

Despite limited spatial variation in some predictors (vaccination, weather), treating each mu­

nicipality as a separate functional trajectory remains informative. The FDA allows the separation of

a shared national temporal structure from residual municipal differences, ensuring that downstream

analyses capture both synchronised and heterogeneous behaviours.
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3.4 Multivariate Functional Relationships

Understanding how vaccination, weather, and sentiment relate to cases requires multivariate

functional tools. Two approaches are used: reduced Functional Canonical CorrelationAnalysis (FCCA)

and lagged FCCA.

3.4.1 Reduced FCCA

Classical FCCA seeks weight functions a(t) and b(t) that maximise the correlation between pro­

jections 〈X, a〉 and 〈Y, b〉 [29, 43]. This requires inversion of covariance operators, which is numeri­

cally unstable when data are noisy or sparsely observed.

To mitigate instability, a reduced­rank approach is used: FPCA is applied to each functional

variable, and multivariate canonical correlation analysis is performed on the resulting score vectors

[24, 28]. Let

Ξ = (ξi1, . . . ,ξiK), Υ = (υi1, . . . ,υiM)

denote FPCA score vectors for COVID­19 cases and a predictor (e.g. vaccination or temperature).

Reduced CCA finds linear combinations:

U = a>Ξ, V = b>Υ

that maximise:

ρ = max
a,b

corr(U,V ).

The resulting canonical correlations (ρ1, ρ2, . . .) quantify the strength of association between

dominant temporal modes of cases and the predictor. FCCA captures shared temporal structure

rather than causal effects; synchronised national patterns (e.g. vaccination rollout aligning with epi­

demicwaves)may yield high correlations evenwithout a systematic relationship [7]. This is accounted

for in interpreting results.

3.4.2 Lagged FCCA and Cross­Correlation Analysis

Epidemiological processes often contain delays: meteorological conditions may affect trans­

mission with a several week lag, behavioural changes take time to manifest, and sentiment may shift

before COVID­19 cases respond.

To incorporate potential delays, each functional predictor X(t) was shifted by discrete lags `

using the standard functional lag operator [36]:

X`(t) = X(t− `), ` = −8,− 7, . . . ,8.

For each lag, FPCA was recomputed to maintain alignment over the effective domain [13]. Re­
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duced FCCA was then applied to lagged score matrices, and the first canonical correlation ρ1(`) was

extracted to produce a lag­correlation profile [40].

To assesswhether the alignment between sentiment and cases could arise by chance, a circular­

shift permutation test was applied, which preserves the autocorrelation structure of the sentiment

curve while disrupting its temporal alignment with cases [50]. The test used 2000 circular permu­

tations per sentiment series, generating phase­randomised surrogate curves while maintaining the

aforementioned autocorrelation structure.

3.5 Municipality­Level Function­on­Function Regression

To fully utilise the spatio­temporal structure of the dataset, function­on­function (FoF) regres­

sion was used to model each municipality’s case trajectory Yi(t) as a function of temperature, ab­

solute humidity, vaccination, and sentiment curves. The model follows the general functional linear

framework [26, 43, 45]:

Yi(t) = β0(t) +

∫
s≤t

Tempi(s) βTemp(s,t) ds+

∫
s≤t

AHi(s) βAH(s,t) ds

+

∫
s≤t

Vacci(s) βVacc(s,t) ds+

∫
s≤t

Sent(s) βSent(s,t) ds+ εi(t),

where β0(t) is the baseline mean function, and the bivariate coefficient surfaces βTemp(s,t), βAH(s,t),

βVacc(s,t), and βSent(s,t) describe how predictor values observed at time s influence COVID­19 cases

at time t.

To ensure temporal coherence, coefficient surfaces are interpreted under a historical frame­

work, such that predictor values observed at time s influence COVID­19 cases at time t primarily

when s ≤ t. Although the function­on­function regression does not impose a hard constraint forc­

ing β(s,t) = 0 for s > t, smoothness penalties strongly suppress implausible regions where future

predictor values would affect past outcomes. Consequently, estimated effects are interpreted as

predominantly historical rather than anticipatory. Coefficient surfaces were estimated using tensor­

product spline bases with penalties on both dimensions [26, 45, 55]. Statistical significance was

assessed using approximate F­tests implemented in the pffr() function of the refund package.

Because sentiment does not vary across municipalities, its effect is purely temporal and does

not explain spatial variation for COVID­19 cases. Its coefficient surface therefore, reflects alignment

with the national epidemic curve, consistent with functional regression theory for non­varying pre­

dictors [40].

3.6 Software and Implementation

All analyses were conducted using a combination of R and Python. In R, the fda package

was used to construct functional data objects and perform smoothing and FPCA, while function­on­

function regression was implemented through the refund package (pffr). Additional smoothing

and basis‐representation infrastructure relied on mgcv. Data management, temporal alignment, and
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general preprocessing were carried out using the tidyverse suite, together with lubridate for

date handling and zoo for time­series interpolation.

Python was used primarily for sentiment classification. Text preprocessing and TF–IDF vec­

torisation were implemented in scikit-learn, and the sentiment classifier was trained using its

multinomial logistic regression module. Data wrangling relied on pandas and numpy, and all Lithua­

nian headlines were translated to English via a Google Cloud Translation API [21] prior to modeling.

Random seeds were fixed where applicable to ensure reproducibility of results.
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4 Results

This chapter presents the empirical findings obtained from the functional analysis of COVID­19

cases, vaccination rollout, meteorological factors, and national media sentiment in Lithuania. The

focus is on interpreting temporal structures revealed by functional smoothing, FPCA, FCCA, lagged

analyses, and the functional regression model. Together, these results provide a full picture of the

analysed drivers of the Lithuanian pandemic across 60 municipalities.

4.1 Descriptive Temporal Structure

Figure 6 presents the smoothed national trajectories for all variables, providing a functional

overview before multivariate modelling. COVID­19 cases showcase two dominant epidemic waves,

while vaccination follows with three national rollouts beginning in early 2021 (representing first,

second and booster doses administered to the Lithuanian population). Temperature and absolute

humidity display regular seasonal cycles, and sentiment remains predominantly negative with pro­

nounced dips after major outbreaks.

These smoothed curves illustrate the key temporal features that FDA subsequently decom­

poses: multi­wave dynamics in cases, a reactive vaccination profile, strong meteorological seasonal­

ity, and a comparatively irregular sentiment signal. They provide the functional context for the FPCA,

FCCA, and regression analyses that follow.

Figure 6: National smoothedweekly trajectories for cases, vaccination, meteorological variables, and

sentiment.

4.2 Dominant Functional Modes

Functional Principal Component Analysis (FPCA) summarises themain temporal patterns across

the 60 municipalities. The scree plots in Figure 7 show that each variable is driven by a small number
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of dominant components. For COVID­19 cases, the first component explains 63% of the total vari­

ance, reflecting the overall multi­wave structure of the epidemic, while PC2 and PC3 (19% and 10%)

capture differences between early and late waves and the distinctive Omicron peak. Vaccination tra­

jectories are almost entirely governed by a single component (PC1 99.6%), indicating near­perfect

synchronisation in the national rollout.

Temperature and absolute humidity exhibit similarly concentrated structures: PC1 alone ex­

plains 78% and 68% of their variance respectively, reflecting the dominant annual seasonal cycle,

with higher­order components accounting for minor deviations from this pattern.

Figure 7: FPCA scree panels showing the proportion of variance explained by the first four components

for each variable.

The corresponding eigenfunctions (Figure 8, displayed below) clarify the nature of these dom­

inant modes. For COVID­19 cases, PC1 traces the broad multi­peak epidemic shape, PC2 contrasts

early and late municipalities (shifting the weight between the first and second large waves), and

PC3 isolates the sharp rise associated with the Omicron variant. The eigenfunctions for vaccination

curves show that PC1 captures the timing and speed of the national rollout, while higher components

contribute almost no meaningful structure. For temperature and absolute humidity, eigenfunctions

exhibit smooth sinusoidal shapes characteristic of strong seasonality, with PC2 and PC3 adding small

asymmetric or amplitude­adjustment features.

Taken together, these results confirm that shared national temporal structure—epidemic

waves, vaccination rollout, and meteorological seasonality—dominates municipal variation. Local

differences exist but contribute primarily to higher­order components, which explain only a small

fraction of total variance.
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Figure 8: First three eigenfunctions for COVID­19 cases, vaccination, temperature, and absolute hu­

midity.

4.3 Shared Temporal Structure: FCCA

To quantify how closely the dominant temporal modes of COVID­19 cases align with those of

the predictor variables, reduced Functional Canonical Correlation Analysis (FCCA) was applied to the

FPCA scorematrices for all 60municipalities. FCCA identifies linear combinations of the leading func­

tional principal components that are maximally correlated, producing paired canonical variates for

each municipality. Figure 9 presents the results for cases versus vaccination.

Figure 9: Reduced FCCA for COVID­19 cases and vaccination.

The left panel shows the first canonical variatesU1 (cases) andV1 (vaccination) evaluated across

municipalities. The two curves follow a nearly identical pattern: municipalities that score high on the

dominant temporal mode of vaccination during the rollout period also score high on the dominant
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temporal mode of cases. The right panel displays the scatterplot of these canonical variates, yielding

an extremely strong first canonical correlation (ρ1 ≈ 0.90).

Importantly, this association does not imply that COVID­19 cases increases vaccination. Rather,

it reflects the fact that both processes share a highly synchronised national temporal structure. The

first principal component of cases captures the timing and magnitude of epidemic waves, while the

first principal component of vaccination captures the timing of the national rollout. FCCA therefore

shows that municipalities participated in these national cycles in similar ways—municipalities that

were relatively early or late in one process tended also to be early or late in the other. Associations

with meteorological variables are weaker but systematic. Absolute humidity exhibits the strongest

relationship with cases (ρ1 ≈ 0.46), consistent with mechanisms linking low moisture levels to in­

creased respiratory virus transmission. Temperature shows a similar but slightly smaller canonical

correlation, reflecting shared seasonal structure across municipalities.

Overall, FCCA reveals that:

1. the strongest shared temporal pattern occurs between cases and vaccination, driven by syn­

chronised national timing rather than causal effects;

2. meteorological seasonality remains an important structural component of epidemic intensity;

and

3. municipality­specific deviations exist but are secondary relative to the dominant national pat­

terns governing all variables.

4.4 Lagged Relationships

Because the mechanisms linking weather, vaccination, and COVID­19 dynamics are inherently

time­dependent, the temporal ordering of these processes was examined using lagged reduced FCCA

at the municipality level. For each predictor, the FPCA score matrices were shifted forward and back­

ward by up to eight weeks, and the first canonical correlation ρ1(`) was recomputed for each lag

`. Positive lags indicate that the predictor precedes changes in COVID­19 cases, while negative lags

indicate that cases lead the predictor. The resulting profiles are shown in Figure 10 and Figure 11.

Figure 10 displays the lagged correlations for temperature, absolute humidity, and vaccination.

For temperature, the highest canonical correlation occurs at a lag of eight weeks, with ρ1 ≈ 0.50.

The gradual rise in correlation toward positive lags suggests that seasonal deterioration in meteoro­

logical conditions precedes increases in COVID­19 cases by several weeks. Given the use of weekly

aggregation and functional representations, this lag should be interpreted as a phase shift between

dominant seasonal patterns rather than a direct biological delay. Such timing is consistent with the

gradual build­up of epidemic waves during colder months, mediated by behavioral and environmen­

tal factors. Absolute humidity reveals a similar lag structure, with a peak of ρ1 ≈ 0.50 at a lag of

eight weeks, further supporting moisture­related mechanisms influencing respiratory spread. Al­

though the magnitude of these associations is moderate, the temporal pattern is remarkably con­

sistent across both meteorological variables: conditions characteristic of winter months precede the

growth of epidemic waves by several weeks.
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Figure 10: Lagged canonical correlation profiles for temperature, absolute humidity and COVID­19

cases.

The vaccination profile is noticably different. Its lag curve shows a sharp maximum at lag zero,

where ρ1 ≈ 0.90, but correlations fall rapidly when the predictor is shifted forward or backward. This

pattern reflects the synchronised national vaccination rollout rather than a causal lead–lag relation­

ship. Vaccination does not systematically precede changes in cases and instead the two processes

share similar population­level timing because large­scale vaccination campaigns in Lithuania were

initiated during or immediately following epidemic surges. The symmetric decay away from lag zero

further indicates that this association arises from overlapping temporal structure, not anticipatory

behavioural effects.

Figure 11 presents the national­level lagged correlation profiles for the three outlets and

the combined sentiment index. Delfi sentiment leads cases by 6–8 weeks with strong significance

(p < 0.001). LRT and Lrytas exhibit weaker lead effects; a combined sentiment index remains sig­

nificant (p ≈ 0.041). Sentiment curves display substantially more variability than meteorological

variables but still exhibit interpretable temporal patterns. Delfi shows a clear lead effect, with the

strongest positive correlation occurring approximately six to eight weeks before increases in cases,

consistent with the tendency of major outlets to intensify negative coverage in the early phases of

a worsening epidemic. The combined sentiment index showcases a similar though weaker pattern,

reaching statistical significance at approximately the same lag range (p ≈ 0.04). In contrast, LRT and

Lrytas show noisier profiles with no statistically significant lead or lag structure. These differences

reflect divergent editorial practices and audience roles: Delfi’s faster responsiveness yields clearer

alignment, while LRT—the public broadcaster—adopts a more neutral, less reactive tone.

Taken together, the lagged analyses clarify the temporal ordering among the examined pro­
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cesses. Meteorological effects precede changes in COVID­19 cases by several weeks, as expected

from environmental transmission pathways. Media sentiment, particularly from commercial out­

lets, tends to deteriorate in advance of rising case numbers, acting as an informational early­warning

signal rather than a behavioural driver. Vaccination, by contrast, aligns with epidemic waves rather

than predicting them, reflecting policy timing rather than anticipatory public health effects. These

results emphasise the importance of distinguishing shared temporal structure from genuine lead–lag

relationships when interpreting functional correlations.

Figure 11: Permutation­test lag profiles for media sentiment and COVID­19 cases.

4.5 Regression­Based Evidence

To quantify the joint influence of meteorological conditions, vaccination rollout, and media

sentiment on the temporal evolution of COVID­19 cases acrossmunicipalities, a function­on­function

regression (FoFR) model was estimated using the pffr framework. Unlike concurrent regression

models, which relate predictors and response at the same point in time, FoFR incorporates entire
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functional trajectories and allows the effect of past predictor values to vary smoothly across the

cases curve.

The model achieves strong predictive accuracy: the adjusted R2 = 0.943 and the functional

coefficient of determination is R2
fun = 0.944. All functional terms are highly significant (p < 0.001),

indicating that temperature, absolute humidity, vaccination, and sentiment each contribute time­

varying information conditional on the shared temporal structure of the epidemic. These values

represent in­sample functional fit under penalized estimation, however, they do not imply predictive

or causal performance.

To assess whether the high functional coefficient of determination reflects overfitting rather

than substantive structure, a sequence of nested FoFR models was estimated. A model including

only meteorological predictors already achieves a functional R2 = 0.931, indicating that seasonal

environmental variation accounts for the majority of temporal structure in COVID­19 cases. Adding

vaccination trajectories increases the functional R2 = 0.943, while inclusion of media sentiment

yields a marginal increase to 0.944. The modest incremental gains demonstrate that the high overall

fit is driven primarily by dominant seasonal patterns rather than excessive model flexibility, provid­

ing evidence against overfitting. Because meteorological variables primarily capture broad seasonal

structure, an important question is whether the estimated effects of vaccination and media senti­

ment merely reflect residual seasonality. The nested regression results suggest this is not the case.

While weather alone explains the majority of functional variation, the incremental contributions of

vaccination and sentiment persist after accounting for seasonal effects. This indicates that vaccina­

tion and sentiment capture non­seasonal temporal information (such as policy timing and informa­

tional dynamics) rather than simply acting as proxies for meteorological seasonality.

The coefficient surfaces shown in Figure 12 provide a detailed decomposition of predictor

effects across the two­dimensional (s,t) domain. Temperature and absolute humidity exhibit the

strongest structured effects. Both surfaces show coherent regions of positive and negative influence,

indicating that the effect of meteorological conditions varies across the epidemic timeline. Early in

the epidemic waves, negative β(s,t) regions dominate (blue), consistent with higher cases under

cold, dry conditions. Later periods show positive β(s,t) regions (red), reflecting nonlinear seasonal

effects or changes in susceptibility and reporting over time. The vaccination surface exhibits only

weak structure. This aligns with earlier FPCA and FCCA results: vaccination curves are almost per­

fectly synchronised across municipalities (PC1 explains 99.6% of their variation), leaving little spatial

heterogeneity for the model to exploit. Weak effects reflect a lack of spatial variability, not the ab­

sence of epidemiological impact, thus, the FoFR model cannot isolate a strong independent vaccina­

tion signal, even though vaccines were effective.

The sentiment surface shows low­amplitude but systematic structure, withmodest positive and

negative regions that are mostly smooth in the time dimension. Unlike meteorological variables, the

effect is not sharply localized along the diagonal. This pattern supports the interpretation from lagged

FCCA that sentiment providesweak anticipatory or contemporaneous behavioural signals rather than

a mechanistic effect on transmission.
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Figure 12: Coefficient surfaces β(s,t) for temperature, absolute humidity, vaccination, and sentiment

from the function­on­function regression model.

A formal statistical summary of the smooth and functional components is provided in Table 2.

Overall, the FoFR analysis provides a coherent synthesis of the functional structure in all predictors.

Weather conditions emerge as the dominant structural drivers of municipal epidemic variation, vac­

cination contributesminimal spatial signal and sentiment provides a small but systematic behavioural

component. The high functionalR2 indicates that these combined effects explain nearly all between­

municipality variation in COVID­19 cases once functional dependencies are incorporated.

Table 2: Summary of smooth and functional terms in the function­on­function regression model.

Term EDF Ref.df F­statistic p­value

Intercept(t) 17.318 19.000 3034.47 < 2× 10−16

Temperature 20.219 22.032 12.67 < 2× 10−16

Absolute Humidity 19.890 21.484 18.12 < 2× 10−16

Vaccination 14.290 15.436 104.30 < 2× 10−16

Sentiment 1.003 1.003 66.29 < 2× 10−16

Adjusted R2 = 0.943 Functional R2 = 0.944 Deviance explained = 94.4%

4.6 Integrated Interpretation

The results obtained from descriptive smoothing, FPCA, FCCA, lagged FCCA, and the function­

on­function regression converge toward a coherent explanation of COVID­19 dynamics in Lithuania.

Across all methods, meteorological seasonality emerges as the dominant structural force: cold and
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low­humidity periods consistently precede COVID­19 cases, municipalities with similar seasonal pro­

files exhibit similar epidemic trajectories and the coefficient surfaces from the functional regression

show strong negative effects of temperature and absolute humidity throughout the growth phase of

each wave. Vaccination contributes mainly through national synchronisation rather than indepen­

dent predictive influence, particularly after its introduction in 2021. Its temporal pattern is highly

uniform across municipalities, and its association with cases is largely driven by shared timing of epi­

demic peaks. Lagged analyses show that vaccination typically reacts to, rather than leads, changes

in cases, and its estimated effects in the functional regression remain weak once weather and senti­

ment are accounted for. Media sentiment provides a smaller but consistent behavioural signal. Lag

profiles indicate that shifts in sentiment tend to precede increases in cases, and the corresponding

regression surface shows short­term anticipatory effects concentrated near the diagonal.

Taken together, thesemethods reveal a stable temporal ordering: seasonalmeteorological con­

ditions set the structural baseline for transmission and observed cases reflect this seasonal modu­

lation. Vaccination responds to epidemic pressure and sentiment captures early behavioural and

informational responses. The coherence of findings across multiple functional techniques demon­

strates the value of modelling COVID­19 not as isolated weekly measurements but as a system of

connected temporal processes.
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5 Conclusions and Recommendations

This thesis examined the temporal dynamics of COVID­19 in Lithuania by analysing cases, vac­

cination uptake, meteorological conditions, and media sentiment as smooth functional processes.

Treating all variables as trajectories rather than discrete weekly observations made it possible to

uncover the underlying structure of the epidemic and the ways in which environmental and informa­

tional patterns aligned with fluctuations in COVID­19 cases.

The analysis demonstrates that the evolution of SARS­CoV­2 in Lithuania was shaped predomi­

nantly by broad seasonal environmental patterns. Both temperature and absolute humidity exhibited

strong periodicity, with their lowest values occurring during the winter months. Functional canonical

correlations and lagged analyses showed that declines in temperature and absolute humidity gener­

ally preceded increases in cases by six to eight weeks. While these associations do not imply a direct

causal effect (given that both weather and epidemic waves share seasonal rhythms) they provide a

coherent and epidemiologically plausible explanation for the timing and intensity of national surges.

Vaccination dynamics, by contrast, were highly synchronised across municipalities. FPCA re­

vealed that nearly all variation in vaccination curves was driven by a single temporal component

representing the national rollout schedule. Apparent positive correlations between vaccination and

COVID­19 cases at the aggregate level were largely attributable to temporal confounding, as vaccina­

tionwas absent during the first epidemic wave and intensified during later surges. Once the common

temporal structure was removed through functional modelling, vaccination contributed little unique

explanatory value at the municipality level. This highlights the importance of avoiding naive ecolog­

ical interpretations when processes share similar national timing.

Media sentiment, derived from supervised classification of more than 33,000 headlines, dis­

played more subtle but meaningful patterns. Sentiment, particularly in one of the commercial out­

lets Delfi, tended to deteriorate several weeks before observed increases in cases. Because senti­

ment reflects the information environment, including the intensity of media attention, its anticipa­

tory behaviour likely captures early reporting and heightened public concern rather than behavioural

changes that directly affect transmission. Permutation­based significance testing confirmed that

these lead–lag patterns were unlikely to arise from chance alignment. Although sentiment cannot

explain differences between municipalities, it appears to function as an early contextual signal of

worsening epidemic conditions at the national level.

The function­on­function regressionmodel integrated weather, vaccination and sentiment into

a single predictive framework. After accounting for shared temporal structure, the model showed

that cold temperatures and low absolute humidity were consistently associated with higher number

of cases, and that sentiment contributed modest additional explanatory power by reflecting early

shifts in the information landscape. Vaccination effects were comparatively small once national tim­

ing effects were attributed into the smooth functional components. Overall, themodel captured over

94% of the functional variation in municipal case curves, indicating that the main temporal drivers of

the epidemic were successfully represented.

Taken together, these findings suggest that Lithuania’s COVID­19 trajectory was governed by
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an interplay of seasonal environmental patterns, centrally coordinated national interventions, and

media­driven informational cycles. Local municipal differences played a secondary role compared

with these broad national trends. The results underscore the importance of integrating meteoro­

logical indicators into epidemic surveillance systems, as they offer meaningful advance warning of

periods conducive to transmission. Media sentiment, while indirect, may provide an additional early

contextual signal that reflects emerging awareness of deteriorating conditions before they appear in

official case counts.

Several limitations should be also acknowledged that have resulted out of this work. First,

although functional methods capture dominant temporal structure effectively, they are less suited

to isolating short­term causal effects or abrupt policy interventions. Second, the analysis relied on

nationally aggregated media sentiment, which limits its ability to explain municipal­level variation.

Third, vaccination effects were evaluated at the ecological level and may not reflect individual­level

protection or heterogeneous uptakewithinmunicipalities. Finally, sentimentwas derived from trans­

lated Lithuanian headlines using lexicon­based tools, which may introduce measurement error and

attenuate nuanced emotional signals. These limitations do not undermine the core findings but clar­

ify the scale and mechanisms to which the conclusions apply.

Future researches could extend this work by incorporating mobility data, socioeconomic fac­

tors, or local policy measures, which may capture spatial heterogeneity more directly than vaccina­

tion or sentiment. Improvements in sentiment analysis, especially models trained on Lithuanian­

language text, may further refine the measurement of the information environment. The method­

ological framework presented here (integrating FPCA, reduced and lagged FCCA, permutation­based

inference, and function­on­function regression) could be applied to other contexts, including state­

level studies in countries like the United States, where regional contrasts in weather, media tone, vac­

cination uptake, and epidemic patterns are substantial. By bringing these functional tools together,

the thesis highlights how FDA can offer a structured and interpretable way to analyse epidemics as

systems of evolving, interdependent temporal processes.
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Appendix 1. Use of Artificial Intelligence Tools

Artificial intelligence tools were used for language editing purposes only, including improving

grammar, sentence structure, and overall readability of the text. Specifically, the generative language

model ChatGPT [39] was used to revise selected passages of text based on author­provided drafts.

The prompts consisted of requests to improve clarity, grammar, and academic style while preserving

the original meaning , and all AI­assisted revisions were subsequently reviewed and approved by the

author. No artificial intelligence tools were used to generate scientific content, perform data analysis,

derive mathematical results, or interpret any findings. The tool was accessed free of charge in 2025,

with Internet access disabled.
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Appendix 2. R code for Functional Data Analysis

The computational analyses were implemented in R. For transparency, the final analysis script

is available in a public repository: https://github.com/capemigle/Master-thesis
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