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Abstract: The effects of objective environmental indicators on subjective risk perceptions are under-
researched and bring new frontiers to environmental risk perception research. The aim of this article is
to analyze the spatial distribution of environmental risks in Lithuania, to identify social-psychological
factors that determine variances of risk perception, and to contrast perception data with objective
environmental data. This article is based on the representative national survey of 2007 respondents
conducted from September to October of 2020 in Lithuania, and on the objective indicators of flood
risk, air quality, water pollution, and forest fires. Analytical methods used in this article include spatial
autocorrelation as well as spatial and linear regressions. Spatial analysis of objective environmental
risk indicators reveal that the five biggest cities in Lithuania experience higher levels of environmental
risks. Flood risk perceptions are spatially related to objective flood risks, and the relation is not
significant for other types of risks. Place of residence, gender, education, and income are significant
factors explaining risk perceptions. Place of residence is negatively moderating the effect of objective
environmental risks on perceptions, as people in the biggest cities underestimate risks, especially
from air pollution.

Keywords: risk perception; environmental risks; water pollution; air pollution; forest fires; flood risk;
spatial analysis; moderation analysis; survey

1. Introduction

The general interest of this article concerns environmental risk perceptions and their
determinants. There is an abundance of research explaining the social, psychological,
and situational determinants of environmental risk perceptions [1,2]. Müller-Mahn and
Everts [3] argue that there is a lack of attention to the space dimension in risk theory. The
space dimension might be brought to the explanatory models of risk perceptions through
linking risk perceptions to objective characteristics of the locality, or through analyzing the
proximity of the threat to the respondent.

The objective problems hypothesis points to the importance of environmental objec-
tive conditions on individual-level environmental concern [4]. The objective problems
hypothesis argues that more severe objective conditions of the immediate surrounding en-
vironment lead to higher environmental concern and risk perception. The relation between
objective conditions and subjective perceptions is not straightforward. Duinen et al. [5]
have proved that the biophysical characteristics of an area only matter if the inhabitants are
exposed to the risk. Shao, Gardezi, and Xian [6] have also shown that risk exposure and
past experiences of hazards help to shape environmental risk perceptions.

Proximity to the threat is another mediating/moderating factor that is important
in explaining the relation of objective problems to subjective perceptions. Studies have
proved that risk perceptions of various environmental threats, such as floods, air and
water pollution, biological hazards, and others, depend on the proximity of respondents
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to the hazards (e.g., studies of Sherpa et al. [7], Quazim et al. [8], among many others).
While exploring the ways that locally observed environmental threats (objective data) are
related to the subjective perceptions of those threats, social-psychological theories have
introduced the concept of place attachment. The argument is that the objective contexts of
the locality are subjectively important only in relation to the residents’ perceptions of the
locality. The ones with highly expressed place attachment tend to identify themselves with
the locality and therefore care more about the risks associated with it. At the same time,
place attachment serves as a coping strategy in response to natural hazard risk. High place
attachment serves risk normalization and, as proved by Swapan and Sadeque [9], can be
dysfunctional by reducing the perceived risk of hazard. The explanatory models cannot be
complete without the inclusion of classical socio-demographic factors of risk perceptions,
such as gender, age, education, income, and place of residence [10,11].

In line with ongoing academic discussions, we raise several questions:

• RQ1: What is the spatial distribution of environmental risks in Lithuania?
• RQ2: What is the relationship between objective environmental data of the locality and

subjective risk perception?
• RQ3: What are the social–psychological factors and potential moderating variables that explain

variances of environmental risk perception?

The aim of this article is to analyze the spatial distribution of environmental risks in
Lithuania, to identify social-psychological factors that determine variances of risk percep-
tion across different municipalities, and to contrast perception data with objective data
of environmental indicators. This paper is based on statistical and geospatial analysis of
(a) objective data, including air quality data, forest fire data for Lithuania, national water
pollution, and flood risk data; and (b) data from representative survey data conducted in
Lithuania in 2020 (N = 2007). This paper first explores the spatial distribution of environ-
mental risks based on objective data, then it analyzes survey data, which is plotted onto
Lithuania’s map to show the spatial distribution of risk perception. It then discusses the
relationship of the subjective data to the objective environmental data and test factors of
environmental risk perception. The hypotheses include:

• Hypothesis 1 (H1) (RQ2): There is a spatial relation between objective environmental risks
and subjective risk perception of environmental risks.

• Hypothesis 1 (H1) (RQ3): Socio-demographic indicators (age, gender, income, place of resi-
dence) and place attachment have significant direct effects on environmental risk perceptions.

• Hypothesis 1 (H1) (RQ3): Place of residence, education, and place attachment have signifi-
cant moderating effects on the relationship between objective risk and subjective risk perception.

The results presented in the article help explain how large the gap is between objec-
tive problems and subjective perceptions as well as the role of place of residence, place
attachment, and socio-demographic and social-psychological factors in determining the
differences in environmental risk perceptions. This study further contributes to sociolog-
ical understanding of the spatial dimension in risk perception research and extends the
empirical knowledge on spatial distribution of environmental hazards.

2. Materials and Methods

The conceptual methodological framework of this study is based on a holistic approach
to risk. Risks do not exist in isolation and should not be seen in isolation from each other.
They often overlap and affect each other, so it is necessary to look at the interconnections of
the risks in different areas in order to explain them. According to King et al. [12], a holistic
approach also requires first identifying risks, quantifying them, and only then analyzing and
interpreting them. Based on this approach, we assess different risks in relative terms (for
the lowest administrative units of Lithuania, i.e., elderships) and aggregate the estimates of
indicators at the level of the risk area.

The World Economic Forum applies a holistic risk classification system [13]. The global
research methodology developed by this Forum is based on the identification of five main
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risk areas: economic, environmental, geopolitical, social, and technological. In this article,
we only focus on environmental risks. Correspondence to the World Economic Forum
classification was sought for objective risk indicators in Lithuanian spatial analysis. For
comparative reasons, the same set of environmental risks was used for both the objective
risks data collection and subjective risk perception research.

Data used in this article were collected using triangulation of data sources: geospatial
objective environmental data and population survey.

2.1. Objective Environmental Risk Data

Objective environmental data included four sets of data on air pollution, water pol-
lution, forest fire risk, and flood risk. A geodatabase was developed with 523 Lithuanian
elderships as features. Data were accessed through open-access data repositories or via
formal requests from data-owning institutions.

The air pollution index includes annual average values for NO2, PM10, and PM25 and
follows the calculation rules as described by the Year Average Common Air Quality Index
(YACAQI) version of the Common Air Quality Index (CAQI). Interpolated air quality data
for 2017 were used for the study [14]. The sub-indexes for NO2, PM10, and PM25 were
calculated. The value ranged from zero to one. Then, an average was calculated to represent
the value of the air pollution index. Higher values represented worse air quality conditions,
i.e., bigger departures from European air quality standards.

The water pollution index includes national data on the ecological status of artificial
and natural surface waters in Lithuania, including lakes, rivers, and artificial or heavily
modified surface water bodies (e.g., reservoirs and canals). The dataset [15] is based on the
results of national surface water status monitoring carried out in 2015 by the Environmental
Protection Agency of Lithuania. The data for different surface water bodies were combined
into a single water pollution index, with values defined as ranging from 1 = very good,
2 = good, 3 = average, 4 = bad, and 5 = very bad. The surface water data were spatially
joined (join operation: Join one to many, with 2 km buffer zone) to the Lithuanian elderships
feature class.

The forest fire risk index includes national data on burnt areas during the period of 14
September 2015–14 September 2020, available from the EFFIS/WILDFIRE Database [16].
Burnt areas indicate the damage caused by forest fires and are estimated using the EFFIS
Rapid Damage Assessment module [17]. The forest fire data were spatially joined (join
operation: Join one to many, with 2 km buffer zone) to the Lithuanian elderships feature
class, based on the ‘brightness’ attribute and then classified into five value groups so as to
standardize the use of this index with other indices.

The flood risk index is based on national flood hazard and risk maps, which cover the
main causes of floods and identify areas that could be flooded under a high-probability
flood scenario, which can be defined by the following: a 10% flood probability where,
according to hydrological calculations, floods with the same characteristics may recur once
every ten years; floods in coastal areas with a 10% probability of rising water levels in
the Baltic Sea and the Curonian Lagoon; and floods caused by ice agglomerations [18].
Line-type geospatial flood data were spatially joined to the Lithuanian elderships feature
class with a 2 km buffer zone.

The air pollution index, water pollution index, forest fire risk index, and flood risk
index values were discretized, i.e., observations were grouped into five classes following
the natural breaks (Jenks) grouping method. The number of classes was chosen based on
the interpretability of data and suggestions made by Audric, De Bellefon, and Durieux [19].
The values are defined as 1 = very little or no risk, 2 = low risk, 3 = medium risk, 4 = high
risk, and 5 = very high risk.

The Environmental risk index values were calculated per every eldership as a mean of
the four input indices: the air pollution index, water pollution index, forest fire risk index,
and flood risk index. The Environmental risk index values represent five risk classes: very
little or no risk, low risk, medium risk, high risk, and very high risk.
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2.2. Population Survey Data

Subjective risk perception data were collected by means of the representative public
opinion survey in Lithuania, conducted from August to September of 2020 with a realized
total sample of 2007 respondents. Sampling and the field work were conducted by a
research agency that follows ESOMAR research ethics standards. Geolocations of respon-
dents were recorded, which allowed to later upload respondents’ locations on the map
for further geospatial analysis. Multistage stratified random sampling with geographic
stratification according to the size of living place and administrative unit was employed for
the selection of respondents. The sample included respondents from all 60 municipalities in
Lithuania, and at least 10 respondents were sampled from each of the municipalities. The
final sample structure is representative of the Lithuanian population, and no weights were
applied. The survey was conducted through face-to-face interviews, and answers were
recorded directly to interviewers’ tablets. The limitations of the population survey include
the impact of COVID-19 pandemic [20]. This impact might include changes in survey
design, fieldwork, and changes in risk perception among the population. The survey was
conducted during an ongoing global COVID-19 pandemic, with rising cases and widely
discussed expectations for yet another wave at the time of the fieldwork in Lithuania. No
lockdowns or mobility restrictions were imposed on the Lithuanian population at the time
of the survey, and therefore there were no considerable changes to survey design, field
activities, or data processing.

Table 1 presents descriptive statistics of the sample structure. The share of females
is a bit higher in the sample, but it corresponds to the Lithuanian population within the
confidence interval. There was a significant share of no answers or refusals to indicate the
income of household members. Thus, the separate category of those respondents was used
in further analysis.

Table 1. Sample structure.

Variable Values n %

Gender
Male 917 45.7
Female 1090 54.3

Education
Lower 1305 65.0
University 684 34.1
Missing 18 0.9

Place of residence
Rural areas and towns 1179 58.7
5 biggest cities 828 41.3

Household income per member
≤600 EUR 1040 51.8
>600 EUR 546 27.2
DK/Refusal 421 21.0

Age

18–24 180 9.0
25–34 302 15.0
35–44 303 15.1
45–54 347 17.3
55–64 362 18.
65–74 273 13.6
≥75 240 12.0

The focus of this paper is environmental risk perception and its spatial and socio-
demographic determination. Part of the questionnaire is used in this paper, as the whole
data set is a part of a bigger project (a link to the data set is provided under the Data
Availability Statement).

2.3. The Structure of Variables for Analytical Model

The dependent variable of the analytical model—the environmental risk perception
index—was constructed by taking the average of non-missing values of the four items,
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which were included into a battery of evaluative objects for the question. They asked
respondents: “What threat do these objects/problems pose to you and your family in the location
where you and your family live and/or work in Lithuania? Rate each problem on a scale from 1 (no
threat at all) to 7 (very high threat)”: (1) floods, (2) air pollution, (3) sea, river, lake or pond
water pollution, and (4) forest fires. The internal consistency of the index was measured
with Cronbach’s alpha, which had an appropriate value for the four items’ scale (0.810, with
95% confidence interval: 0.796–0.824). Our dependent variable focused on the individual
risk perception of environmental threats at the respondent’s living place because we aimed
to spatially correlate the perception to local environmental conditions. Therefore, we did
not include the environmental risk perception related to country or global-level concerns.

Independent variables included:

• Place attachment variables (wording: “Indicate, how close do you feel to . . . / . . . the place
you live/ . . . your municipality”). Originally, values ranged from 1 (very close) to 4 (not
close at all) in the questionnaire. The values were re-coded to indicate that higher
values mean higher place attachment.

• Socio-demographic variables included gender, age (intervals), education (dichotomized
into “university” and “lower education”), place of residence (dichotomized into “rural
areas and towns” and “five biggest cities”), and household income per person (re-
coded into three categories: missing/≤600 eur/>600 eur). “Missing” was included as
a separate category for the income variable because of the high share of these answers.

• Objective indicators of environmental risks. The environmental risk index was used
as an independent variable, calculated from official data sources (as described in
Section 2.1). The values from the elderships were assigned to the respondents accord-
ing to their living place.

The structure of the analytical model and the working codes of variables (further used
in the analysis) are presented in Figure 1.
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2.4. Data Analysis Methods

Visualization and analysis were conducted using ArcGIS Pro, R, and SPSS softwares.
ArcGIS Pro was used for mapping and analyzing geospatial data of environmental

risks and risk perception. Spatial autocorrelation (Global Moran’s I) and Cluster and
Outlier Analysis (Anselin Local Moran’s I) were applied to analyze the spatial distribution
of objective environmental data. Reporting also included descriptive statistics such as count,
mean, and standard variation. The spatial distribution analysis allowed answering RQ1.

Spatial distribution of environmental risk perception was analyzed using the Hot Spot
Analysis (Getis-Ord Gi*) tool. This analysis allowed the identification of spatial clusters of
low and high risk perception.

For testing H1 about the spatial dependencies of environmental risk perception and
objective risk indicators, ordinary least square analysis was conducted in ArcGis using
a spatial regression tool. This contributed to RQ1 analysis. In order to answer RQ2 and
RQ3, and to test hypotheses H2 and H3, linear regression analysis with interactions among
the independent variables was employed. Regression analysis was implemented with
the glm() function available in the R software environment for statistical computing and
graphics (R Core Team, 2021). In the results section, we present the marginal effects (average
predicted values with 95% confidence intervals) of different factors on environmental risk
perceptions, in order to better convey the nature of complex relationships. Marginal effects
were calculated with the Effect() function from the package effects [21,22], which is also
available in the R software environment for statistical computing and graphics [23].

3. Results
3.1. Spatial Distribution of Environmental Risks in Lithuania

This subsection provides the results of descriptive analysis of the environmental risks
index value spatial distribution across Lithuania. Elderships (n = 523) are the spatial units
of this analysis.

The environmental risk index consists of four components: the air pollution index,
water pollution index, forest fire index, and flood risk data. The values represent five risk
classes: ≤1.5 = very little or no risk; ≤2 = low risk; ≤2.5 = medium risk; ≤3 = high risk;
≤4 = very high risk. No features had a value >4. The spatial distribution of the environ-
mental risk index is presented in Figure 2.

Statistics have been calculated for the distribution of the environmental risks index by
eldership in Lithuania. The mean is 1.99 with a standard deviation of 0.54 (variance 0.29).
A total of 134 elderships falls within the first Environmental risk class (very little or no risk);
190 elderships fall within the second class (low risk); 136 elderships fall within the third
class (medium risk); 52 fall within the fourth class (high risk); and 11 fall within the fifth
class (very high risk). Most elderships fall within the lower environmental risk classes, with
values ranging from medium to very little or no risk, and none of the elderships has a value
of 5 (very high risk). The environmental risk index for the five biggest cities in Lithuania—
Vilnius, Kaunas, Klaipėda, Šiauliai, and Panevėžys—is higher than the national index. It
has a mean of 2.5 with a standard deviation of 0.306 (variance 0.094). The five biggest cities
fall within the low to moderate risk classes.

The next step is to analyze if the environmental risks are distributed randomly among
Lithuanian elderships or if they exhibit some kind of dispersed or clustered pattern. Results
show that the environmental risks are not distributed randomly across Lithuanian Elder-
ships. Spatial autocorrelation (Global Moran’s I) shows that there is a systematic spatial
variation in objective environmental risks with a tendency toward clustering (I = 0.276743;
p = 0.000). This means that elderships that are close together tend to have similar envi-
ronmental risk index values. Cluster and Outlier Analysis (Anselin Local Moran’s I; with
95% confidence level) further show that concentrations of high values are in south-western,
mid-western, central, and north-central Lithuanian elderships (count of 54 elderships),
and concentrations of low values are in north-eastern, north-western areas with several
elderships in the central area (count of 65 elderships). There are 22 elderships with an
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unexpectedly high environmental risk index when the surrounding elderships have low
values (the high-low spatial outliers), and there are 10 elderships with anomalous low
index values, surrounded by high index values’ elderships (the low-high spatial outliers).
The outlier elderships are scattered across Lithuania with no geographical pattern. Neither
clusters nor outliers include the five biggest cities of Lithuania.
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3.2. Public Perception of Environmental Risks and Spatial Dependency from Objective Indicators

This subsection discusses the differences in public perception of environmental risks
and provides the results of spatial analysis of the relation between objective and subjective
dimensions of environmental risks.

There are significant differences in the perceptions of all environmental risks (paired
t-test, sign. < 0.01) (see Table 2). The risks from water pollution are perceived as the highest
(M = 4.03) as compared to the perceptions of air pollution (M = 3.89), forest fires (M = 3.24),
and floods (M = 1.92). It should be noted that the mode for flood risk is “1”, meaning no
risk, and was selected by 66.2% of respondents. Additionally, the risk of floods is evaluated
as the lowest for all the risks (including social, economic, technological, and geopolitical)
that were evaluated by respondents.

Table 2. Descriptive statistics of environmental risk perception.

Variable n Missing Mean SD SE Median Range Skewness

Environmental risk
perceptions (subjective) 1997 10 3.26 1.58 0.04 3.0 6 (1–7) 0.44

Flood risk perception 1953 54 1.92 1.63 0.04 1.0 6 (1–7) 1.86

Air pollution risk perception 1965 42 3.89 2.10 0.05 4.0 6 (1–7) 0.06

Water pollution risk erception 1906 101 4.03 2.03 0.05 4.0 6 (1–7) −0.02

Forest fire risk perception 1947 60 3.24 2.05 0.05 3.0 6 (1–7) 0.50



Sustainability 2022, 14, 3716 8 of 15

RQ2 of this article aims to examine whether environmental risk perceptions are related
to the objective conditions of an individual’s living place. To test hypothesis H1 (which is
related to RQ2), spatial regressions using the ordinary least square method were conducted
with four types of environmental risk perceptions (flood, air pollution, water pollution and
forest fires).

The only significant spatial dependency was found between flood risk perception
and objective flood risk (see Table 3), although the relation is quite weak. The relation is
positive, meaning that higher risk perceptions of floods are characteristic to the individuals
from areas with higher flood risk. Other types of environmental risk perceptions do not
reveal patterns of spatial dependency.

Table 3. Spatial regression between objective environmental risks and subjective environmental risk
perceptions. Results of ordinary least square regression.

Variable 1 Coefficient (a) StdError t-Statistic Probability [b]

Intercept 1.581 0.072 21.753 0.000
Flood risk index 0.193 0.036 5.419 0.000

1 Dependent variable: flood risk perception.

In order to better understand the spatial distribution of flood risk perceptions across
Lithuania, optimized hot spot analysis (using Getis-Ord Gi*) for flood risk perception was
conducted (see Figure 3). Hot spot analysis is based on spatial autocorrelation and allows
to assess if high or low values cluster spatially.
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As seen from the visualization of the spatial distribution of flood risk perception, high
values cluster around the shores of the rivers and in the Baltic sea coastal zone, and for the
biggest cities, high risk perception clusters appear in Klaipėda and Vilnius. Cluster of low
risk perception is characteristic to Panevėžys, even if it is on the river. Interestingly, there is
no significant cluster of high flood risk perception in Kaunas, which is located downstream
from the highest hydropower station in Kaunas, on the largest Lithuanian river, Nemunas.

3.3. Explanations of Environmental Risk Perceptions

This subsection aims at revealing the factor structure behind environmental risk per-
ceptions. Table 4 presents the results of linear regression with direct and moderating effects.

Table 4. Linear regression of explanatory factors of environmental risk perceptions in Lithuania.

Explanatory Factors Beta Std. Beta t p Confidence Interval
(95%)

(Intercept) 2.748 – 24.065 0.000 2.524 2.972

Environmental risk index (objective indicators,
mean centered) −0.242 −0.081 −2.561 0.011 −0.427 −0.057

Gender (base category: Male): Female 0.355 0.112 4.891 0.000 0.213 0.497

Education (base category: Lower): University −0.157 −0.048 −2.034 0.042 −0.309 −0.006

Age 0.000 0.000 −0.020 0.984 −0.040 0.039

Place of residence (base category:
Rural areas and towns): 5 biggest cities 0.811 0.254 8.653 0.000 0.627 0.995

Feels close: Local area (mean centered) −0.004 −0.002 −0.061 0.951 −0.121 0.113

Feels close: Municipality (mean centered) −0.088 −0.045 −1.744 0.081 −0.186 0.011

Household income per member
(base category: ≤600 EUR):

DK/Refusal 0.275 0.069 2.842 0.005 0.085 0.464
>600 EUR 0.166 0.047 1.879 0.060 −0.007 0.339

Environmental risk index (objective indicators, mc)
* Education: University 0.162 0.032 1.148 0.251 −0.115 0.439

Environmental risk index (objective indicators, mc)
* Place of residence: 5 biggest cities −0.542 −0.079 −2.522 0.012 −0.964 −0.121

Environmental risk index (objective indicators, mc)
* Feels close: Local area (mc) −0.035 −0.008 −0.286 0.775 −0.272 0.203

Environmental risk index (objective indicators, mc)
* Feels close: Municipality (mc) 0.139 0.038 1.419 0.156 −0.053 0.331

Model characteristics: n = 1872, Adj. R2 = 0.06

* interaction.

Results of the linear regression show that the analyzed explanatory factors account for
a very little share (adj. R2 = 0.06 or 6%, F = 10.271, p < 0.01) of the variance of environmental
risk perceptions. However, we established some statistically significant relations. We
hypothesized (H1) that there is a relation between objective environmental risks and subjec-
tive risk perceptions of environmental threats. Indeed, we found that there exists a negative
relationship between subjective risk perceptions and objective indicators of environmental
risks. In addition, moderation analysis of objective indicators of environmental risks with
place of residence revealed that this relationship only operates in the five biggest cities
of Lithuania. Moreover, we found that environmental risk perceptions are on average
lower among the university educated population (see Figure 4). However, this factor is not
moderating the relationship between subjective risk perceptions and objective indicators of
environmental risks.
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place of residence, and education.

Furthermore, we did not find any statistically significant relationship between envi-
ronmental risk perceptions and place attachment. The two variables used in our analysis
are neither acting as independent factors nor moderating the relationship between subjec-
tive risk perceptions and objective indicators of environmental risks. Thus, we conclude
that feelings of attachment, neither to a more immediate local area nor to a more distant
municipality, have an effect on perceptions of environmental risks.

Finally, we were able to establish that socio-demographic factors of gender and income
are related to environmental risk perceptions. Women seem to be more worried about
environmental risks on average than men. In addition, people who refuse to report on
their income tend to evaluate environmental risks as higher compared to people with
relatively small incomes (household income per member ≤600 EUR). On the other hand,
age is unrelated to environmental risk perceptions.

Figure 5 schematically presents the direct and moderating effects of environmental
risk perception determinants, as was hypothesized in the introductory section.

Overall, we found that the relationship between environmental risk perceptions and
place-based objective environmental risks is complex. It is negative and moderated by the
place of residence of respondents; it is much stronger in the five biggest cities of Lithuania
than elsewhere. On the other hand, this relationship is not moderated by education or place
attachments of the respondents. However, on average, environmental risk perceptions
are lower among university-educated people. Finally, environmental risk perceptions are
directly related to respondents’ gender and income.
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4. Discussion

Environmental conditions of a location are important for quality of life and public
health, and they may determine the choice of a living place. Individual experiences with en-
vironmental threats might have a quite complex and ambiguous relation to environmental
risk perceptions. As discussed by Breakwell [24] (pp. 64–67), on the one hand, people with
experiences from hazards (e.g., floods) have higher risk perceptions, but on the other hand,
experiences with risk may lead to the desensitization to the threats, and therefore lower
risk perceptions. Individuals may not necessarily have a direct experience or perceived
exposure to environmental risks in their living place. Thus, environmental conditions are
not necessarily reflected in public attitudes, and the subjective-objective risk gap may lead
to inadequate risk mitigation and adaptation behaviors.

In this study, we looked at how environmental risk reality is reflected in an individual’s
risk perceptions according to their living place and how socio-demographic factors and
place-related factors influence or moderate these risk perceptions.

Our hypotheses were only partially confirmed.
H1 investigated spatial relations between objective and subjective dimensions of

environmental risks. The relation was statistically significant only in the case of flood
risks. Among all the socio-demographic factors that were investigated in H2, gender,
place of residence, education, and income were proved to be significant determinants of
environmental risk perception, though the effects of education and income were very weak.
H3 analyzed moderating factors of the relationship between objective risk and subjective
risk perception. From the moderating variables that were hypothesized to have an effect,
only place of residence appeared to be a significant moderator.

Objective environmental conditions were not necessarily reflected in public percep-
tions. Only flood risk perception was spatially correlated with objective risks. Presumably,
the public is more aware of empirically observable risks, such as floods. Moreover, flood
risks are more easily perceived within specific spatial borders, as compared to air or
water pollution.
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The above results have significant international relevance, as they identify the gap
between objective problems and subjective perceptions of environmental risks, especially
those related to air pollution, water pollution, and forest fires. Our findings are in line
with results from other studies conducted in some European countries (e.g., the Nether-
lands [5], Ireland [25], European coastal countries [26]) that highlight the factors hindering
communities’ and households’ resilience to environmental risks and reveal knowledge
gaps in environmental risk perceptions. A study by Brody et al. [27] also found that that
there is no relation between air pollution perceptions and spatially measurable objective
air pollution in metropolitan areas. There is a need for further research on the objec-
tive problems–subjective risk perceptions gap, especially with regional focus and local
case studies.

The environmental risk reality in Lithuania is heterogeneous. There are spatial clusters
of high risk and low risk areas, with the highest environmental risks prevalent in the big
cities. People from big cities are aware of higher risks as compared to towns and rural
areas (the risk perception is significantly higher), but their risk assessments are still lower
compared to the real environmental situation in the cities (as indicated in the negative
interaction effect between an objective environmental situation and place of residence
towards risk perception). This corresponds well with the data from Eurostat [28] indicating
that 1 in 5 people living in cities self-reported environmental problems, compared to 1 in 10
of those from rural areas.

For deeper understanding of the underestimation of objective environmental risks in
the biggest cities, we compared subjective perceptions with objective indicators in cities,
rural areas, and towns (Figure 6).
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Figure 6. Subjective risk perceptions vs. objective environmental risks in the five biggest cities,
towns, and rural areas. Mean scores are presented (normalized), with 95% confidence intervals for
survey data.

In almost all of the biggest cities, environmental risks are underestimated (except
Šiauliai and Klaipėda). In rural areas and towns, the difference is smaller. When comparing
data for separate types of environmental risks, the biggest difference is in the estimation of
air pollution risks. Eurostat’s data show [28] that the exposure of urban populations to air
pollution is higher than the recommendation of the European Union.

The underestimation of environmental risks in the biggest cities can be explained by the
idea of risk normalization. Risk normalization relates to the situations in which individuals
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from high-risk areas develop strategies to cope with high risks and are minimizing their
risk perceptions [29,30]. Lima [29] suggests that there is a “habituation effect” with the
high risks, as people develop lower estimations of risk as a psychological coping strategy.
This presumably is especially relevant in the case of air pollution, in which the differences
between objective situations in the biggest cities and subjective perceptions is the highest,
as compared to other types of risks.

Some studies found that place attachment can create a “spatial optimistic bias” in
environmental risk perceptions [31], which occurs when people tend to underestimate local
risks as a part of their coping strategy. Our study did not confirm the idea of the role of place
attachment in the attenuation of risk, related to the living place. Place attachment (both to
the local living place and the municipality) appeared to be an insignificant factor for risk
perception. In the systemic review of the studies that analyze the role of place attachment
on environmental risk perception [31], studies were found that did not confirm significant
relations, for example, in perceptions of climate change. This result was interpreted as a
deficiency in climate messaging and can be also applied in our context, in which there is
presumably a lack of information on specific environmental risks.

Few limitations of this study can be identified. The index of environmental risk was
constructed from four items (flood, air pollution, water pollution, and forest fires) that
had spatial measurability. Other types of environmental hazards (e.g., storms or droughts)
can be relevant for public perceptions, which can have a different structure of underlying
determining factors. Another aspect is related to the risk perception variable. We used the
variable of perceived risk to individuals and their families, and therefore the explanatory
model of our study is not fully applicable to the general perception of environmental risks.

The COVID-19 situation may have had an impact on the ways that the respondents
have been assessing and ranking the various provided risks. Respondents may have
shown an optimistic bias, the underestimation of one’s risk of experiencing harm from
COVID-19 [32], which had been projected to decrease over time as the pandemic continued.
However, the attention of the population to health risks may have increased, overshadow-
ing other types of risks and resulting in lower risk perceptions ascribed to environmental
risks. This has already been documented by expert risk assessment surveys, e.g., the Global
Risks Report 2021 [33].

Further directions of research into spatial variability of risk perception may include
experiential factors, which are related to specific living places, to analyze if experiences
moderate the effect of objective environmental risks on risk perceptions. Additional factors,
such as perceived social class, can be added to the explanatory model of risk perception,
as it is presumably related to structural vulnerabilities. Closer attention in future research
can be paid to the perceptions of environmental risks in cities and to the closure of the gap
between objective problems and subjective perceptions of urban environmental threats.

5. Conclusions

Environmental risk in Lithuanian elderships, measured as a composite index includ-
ing air pollution, water pollution, forest fires, and flood risks, is generally evaluated as
very little, low, or medium. The five biggest cities in Lithuania experience higher levels
of environmental risks, compared to national averages. These cities experience low to
moderate environmental risk.

Flood risk perception is spatially related to the objective indicators of flood risk, how-
ever the perceptions of other types of environmental risks (water pollution, air pollution,
and forest fires) are not significantly related to the objective conditions of respondents’
living place.

Women and people from the biggest cities perceive environmental risks as higher.
Place of residence in interaction with objective environmental risk has a negative effect on
risk perceptions. People in the biggest cities tend to underestimate environmental risks in
their living place, especially those of air pollution.
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