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Abstract: Our paper aims at advancing global change management in marine archipelago envi-
ronments. Water properties vary along temporal and vertical gradients, and studies indicate that
these patterns may be site-specific, i.e., they may vary at local or regional scales. Understanding
these complex processes is crucial for designing environmental monitoring campaigns or assessing
the scalability of their results. To our knowledge, the four-dimensional (temporal, vertical and
horizontal) patterns of water quality have not been statistically quantified. In this paper, we partition
the variation in four key water property variables into temporal, vertical and horizontal dimensions,
by utilising a unique pre-existing high-density dataset and multilevel regression modelling. The
dataset comprised measurements of temperature, salinity, pH and chlorophyll-a concentration, sam-
pled eight times from April to October on the SW Finnish archipelago coast. All variables were
sampled along the depth gradient and at local (10> m) and regional scales (10* m) at 20 sites. All
measured variables varied significantly along the temporal and vertical gradients, and the overall
levels, temporal patterns and vertical gradients of these variables were significantly site-dependent.
Our study confirms that many water properties, especially chlorophyll-a concentration, show high
four-dimensional variability in the complex archipelago environment. Thus, studies on the regional
dynamics of archipelago water properties call for a high sampling density in time, along the vertical
gradient, and in space.

Keywords: water property dynamics; spatio-temporal variation; time series; temperature; salinity;
pH; chlorophyll-a; multilevel modelling; linear mixed modelling; Baltic Sea

1. Introduction

Coastal waters form a globally important environment at the land—sea interface, where
the aquatic ecosystems are diverse, and the human influence on the sea is at its highest.
Particularly in estuaries and other semi-enclosed coastal areas, the brackish water zone
is often a very complex marine environment where the physicochemical processes, water
flows and ecological features form dynamic and detailed patterns. However, understanding
the patterns and processes of these environments is crucially important when trying to
maintain and improve their ecological status, and to prepare for the impacts of global
change [1-4]. A better understanding of the current status and the processes is needed to
improve the science-based management of the marine archipelago environments in the
future [5-8].

Coastal waters are typically complex and gradually shifting zones between the main-
land shoreline and the pelagic realm. Within this zone, high local variability and temporal
inconsistency in water properties often occur [9-15], and the variation is usually different
among the parameters. When monitoring the status of the coastal marine environment
and the impacts of nature conservation measures, the sampling must be carefully fitted to
the spatial and temporal scales of the phenomena [9,16], since the results of a monitoring
campaign are highly sensitive to the timing and location of the sampling [17-20].
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Archipelago coasts, in particular, are characterised by a notable spatial and temporal
variation in water properties [9,10,21]. Our study area, the SW Finnish archipelago coast in
the Baltic Sea, is a good example, where small and large islands, deep basins, shallows and
sills create a very complex bathymetry [9]. The varying bathymetry causes restrictions in
water exchange [22]. In addition, the location of many archipelagos at the land-sea-interface
causes local and temporal variation in marine and terrestrial influences [23]. For example,
a large component of the variability in water properties in the SW Finnish archipelago is
persistent and depends on the location along the land-sea transition: Suominen et al. [9]
reported clear spatial trends in the water properties along the mainland-open sea axis.

Seasonality causes an important component of variability in water properties in higher
latitudes. This includes a high annual temperature and stratification cyclicity, winter ice
cover, and high variability in runoff due to snow accumulation and melting. Thus, in
addition to the spatial complexity, the temporal complexity is distinct. These complexities
together make brackish coastal archipelagos, such as the SW Finnish coast, very dynamic
and challenging to monitor. The environmental conditions vary due to the presence of
islands and shallow topography, causing the seasonal developments (i.e., timing and
magnitude) of, e.g., algal growth, to differ within small areas—numerous previous studies,
which have utilised in situ and remotely sensed data and spatial modelling, highlight these
features in the SW Finnish archipelago in terms of spatial [11,24,25], temporal [9,12,26], and
spatio-temporal variability [10,27]. Many studies conclude that the variation is difficult
to capture, and it is advisable to use combined methods to complement in situ sampling
(e.g., [9-12,26]). However, to our knowledge, the four-dimensional (temporal, vertical and
horizontal) patterns of water quality have not yet been statistically quantified.

This study aimed at statistically examining the scalability of water properties in space
and time in a heterogeneous archipelago (Figure 1). More specifically, we examined how
the variation in archipelago water properties is divided into the temporal, vertical and
horizontal dimensions (Figure 1). We pursued this by statistically reanalysing a unique, pre-
existing dataset from the SW Finnish archipelago (described in Suominen et al. [9]). This
dataset included four water property variables: temperature, salinity, pH and chlorophyll-a
concentration. The measurements were repeated densely at local (10> m or hundreds of me-
tres) and regional (10* m or tens of kilometres) scales, along the vertical gradient (topmost
10 m) and in time (three-week intervals) during one growing season (May—October). We
partitioned the variation in water properties to temporal, vertical and spatial dimensions
utilising multilevel modelling, to gain better understanding of the scalability of the in situ
measurements of different water parameters on the archipelago coast (Figure 1).
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Figure 1. Graphical workflow of the aims and approach of this study.

2. Materials and Methods
2.1. Study Area

The analyses were based on a pre-existing dataset from the SW Finnish archipelago [9].
The study covered an area of c. 2500 km?, and it was c. 50 km and 70 km wide in the
west—east and south—north directions, respectively. The study area was located in the
northern limits of the temperate zone at 60° north, within the semi-enclosed Baltic Sea
basin. The summer peak in primary production takes place typically in July and August.

The area provided a good test case for the analysis, since it is very complex: it is
shallow (0-100 m), has c. 25,000 islands (counting those with an area over 500 m?), is
geologically and bathymetrically varying and exhibits a strong land—sea transition. The
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area is further characterised by brackish water (salinity varying between 0 and 7%, in this
area along the land—-sea-continuum [13,28]), and seasonal sea ice cover (up to 100 days
annually [29]). The SW Finnish archipelago has a clear seasonal cycle in physicochemical
processes: a stratification develops in the summer and in the winter and is interrupted by
vertical autumn and spring circulations. Moreover, there are very high concentrations of
organic dissolved matter [30], and the archipelago is therefore highly eutrophic [31,32].

2.2. In Situ Data

The analyses were based on a pre-existing dataset from 2007, described in Suominen et al. [9].
This dataset was found to be suitable for our purpose since it included spatially dense and
frequent in situ measurements of water properties in the topmost water column during
one growing season. Water properties were measured in situ from week number 20 in
mid-May to week number 40 in early October 2007. Weather and sea ice conditions during
this period were in the normal range compared to long-term averages.

The sampling was carried out on eight occasions, approximately every three weeks.
This sampling frequency allowed us to examine the variation in water properties caused
by the algal growth cycles [9]. Inside the study area, a network of 20 sampling sites was
established (representing the regional scale (10* m); Figure 2). The selected sites were
extracted from the national monitoring network (published by the Finnish Environment
Institute SYKE), hence their nomenclature. The site “NAU2361” in the centre of the study
area (Figure 2) is monitored by the national authorities continuously, the other 19 sites
sparsely and irregularly.
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Figure 2. (A) The 20 sampling sites in the SW Finnish archipelago in 2007. (B) Sub-site sampling pattern with three parallel

depth profiles at one sampling site (redrawn and modified from [9]).

At each site, three sub-sites with 300 m distances from each other were measured
each time (representing the local scale 10> m; Figure 2). In addition, measurements were
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repeated at all sub-sites at six depths: 1, 2, 4, 6, 8 and 10 m below the surface (Figure 2).
The dataset thus had a three-dimensional statistical structure (space, time, depth) and the
spatial dimension had a two-level nested structure (Table 1). The nested structure of the
data was in principle balanced, with almost all sites (18 out of 20) and sub-sites (54 out of
60) having an equal number of observations (Table 1). The few missing observations were
caused by harsh weather conditions [9].

Table 1. Dimensions of the in situ data. Levels = number of unique observations, n = total number of
repeated observations on each dimension.

Dimension Levels n (min) n (max) Levels with Non-Equal Obs.
Temporal: Week 8 342 360 2
Vertical: Depth 6 476 477 1

Spatial: Site 20 126 144 2
Spatial: Sub-site 60 (3/Site) 42 48 4

Coordinates were recorded at each sub-site during each field visit. The following
water property variables were measured in situ with a YSI 6600 V2 multiparameter sonde
(YSI Inc., Yellow Springs, OH, USA) at each depth (Table 2): temperature and salinity
(specific conductance; sensor YSI 6560), pH (sensor YSI 6565) and chlorophyll-a (relative
fluorescence units, RFU; sensor YSI 6025). The in situ measurements were compared
to water samples in a certified laboratory setting (laboratory of the Water Protection
Association of Southwest Finland). The calibration, validation and variable transformation
procedures were described in detail by Suominen et al. [9].

Table 2. Descriptive statistics for the four water property variables.

Variable Dimension n Min  Average Median  Max St. Dev.
Temperature °C 2861 59 14.6 15.4 20.4 3.5
Salinity (sp. conductance) mS/m 2861 906 1018 1023 1145 40
p 2861 7.0 8.1 8.0 8.7 0.2
Chlorophyll-a RFU 2861 —0.1 35 3.3 10.0 1.4

2.3. Statistical Analyses

We performed multivariate regression modelling to partition variation in the four re-
sponse variables, water temperature, salinity, pH and chlorophyll-a concentration (Table 2),
into temporal and vertical dimensions. In practice, we examined the statistical relationship
between the response variables and two predictor variables, week and depth (Table 1).
Multilevel modelling was applied to examine the site- and sub-site-level variability in
water properties.

First, we partitioned variation in the four water property variables into temporal and
vertical dimensions, by identifying the significance of “week” and “depth” terms in the
multivariate regression model. We accounted for the general vertical and seasonal patterns
of water properties of the SW Finnish archipelago by looking for the best linear regression
model structure. We fitted multivariate linear regression models to the water property
data, using a combination of backward and forward stepwise regression to identify the
best model variant for each water property variable. These models are hereafter called
“observation-level models” for comparison to multilevel models. We considered linear and
higher-order (up to 10th order) terms of “week” and “depth” and the first-order interaction
term (“Week:Depth”) in the models (Equation (1)). Considering high-order models allowed
us to find well-fitting multivariate models that account for complex seasonal cycles in
water properties. This ensured that all unexplained variance is due to factors other than
time and depth, and thus facilitated the examination of site- and sub-site-specific patterns
in the following modelling steps. The predictors were standardised, i.e., centred and scaled,
before analysis to reduce convergence and collinearity issues [32,33].

Response ~ Week + Depth + Week? + Depth? ... . + Week!? + Depth!? + Week:Depth 1)
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Individual terms were sequentially dropped in the order of their t-statistic, and
the performance of model variants was examined based on the Bayesian information
criterion (BIC).

Second, we examined the general variation of the four water property variables along
temporal and vertical gradients. After the identification of the best observation-level model
variant, the interactive effects of “week” and “depth” on each water property variable were
examined [34] by plotting the back-transformed effect of “week” on the water property
variable at different depths.

Third, we partitioned the variation in the four water property variables into horizontal
scales (local and regional). We examined water property variation at the site and sub-site
levels by fitting simple linear multilevel models, or intercept-only models, to the water
property data. The more complex intercept-only models (Equation (2)) included nested
random intercepts for the site and sub-site structures:

Response ~ (11Site/Sub-site) )

A simpler variant of the intercept-only multilevel model included a random intercept
for site (Equation (3)). Thus, the intercept-only models allowed the overall level of the
water property variable to vary between spatial locations.

Response ~ (11Site) (or Yj; = yoo + ugj + ;) 3)

where Yj; = the ith observation in the jth group, voo = the overall mean, ugj = group-level
residuals, and e;; = observation-level residuals (residual error). We calculated intraclass
correlation (p; Equation (4)) for these intercept-only models, to quantify the proportion
of the variance explained by the spatial grouping structure in the observations. Thus,
intraclass correlation examined how much of the variation in one water property variable
depended on location.

p= cyzuO/(quO + 028) 4

where 62, = variance of the group-level residuals ugj, and 02 = variance of the observation-
level residuals €jj [33]. Since no variance was found at the sub-site level, the following
procedures are described for the simpler site-level models only.

Fourth, we examined the interaction of temporal and vertical gradients of the four
water quality variables with spatial location. In other words, we examined how the
temporal and vertical gradients vary between sites and sub-sites. We partitioned the
variation in water property variables to temporal (week), vertical (depth) and horizontal
(site) scales by fitting full multilevel models. The multilevel models were fitted using the
restricted maximum likelihood method (REML). These models combined observation-level
terms of explanatory variables with random intercepts (Equation (2) or (3)) and random
slopes for “week” and “depth”.

The multilevel models were fitted sequentially (following [33]) to examine the contri-
bution of each term to the BIC and residual variance. The sequential fitting started from
random intercept models, including observation-level terms and nested random intercepts
for “site” and “sub-site”:

Response ~ Week + Depth + Week? + Depth? ... + Week!? + Depth!? + Week:Depth + (1| Site/Sub-site) 5)

Finally, random slope models were fitted, including site-level random terms for the
first- and second-order terms of the explanatory variables:

Response ~ Week + Depth + Week? + Depth? ... + Week!? + Depth!® + Week:Depth + (1 + Week + Week? +

Depth + Depth? | Site) ©)
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The random structure of the multilevel model thus allowed both the intercept and
slope coefficients of all fixed terms to vary between sites. Stepwise regression was again
applied to identify an “optimal” model structure, with the lowest BIC (Appendix A).

All statistical analyses and modelling were performed with the R statistical software
(version 4.0.3; [35]). Linear mixed models were fitted with the package Ime4 (1.1-26; [36])
and examined with package ImerTest (3.1-3; [37]). The effects of the explanatory variables
were calculated with package effects (4.2-0; [34]). The main and interactive effects of “week”
and “depth” were calculated with the effect function by absorbing the lower-order terms
marginal to the higher-order term in question and averaging over other model terms [38].
As aresult, a table of predicted values at different levels of the two interacting factors was
calculated. The package ggeffects (1.1.0; [39]) was utilised to calculate random effects for
visualisation. Maps were created in QGIS (3.16; [40]) and all visualisations were finalised
in R with packages ggplot2 (3.3.3; [41]) and gridExtra (2.3; [42]).

3. Results
3.1. General Vertical and Seasonal Patterns in Water Properties

Based on the BIC, the best models for all four response variables had similar base
structures (Table 3). All models included “week” and “depth” as predictors, the interaction
term between “week” and “depth” and up to seventh-order polynomials for “week”
(Table 3). Only the chlorophyll-a model included a higher-order (second-order) term for
“depth”. The selection of terms included in the models remained identical throughout the
modelling steps, i.e., in the observation-level, random intercept, and random slope models.
In addition, the estimated coefficients of the predictor terms remained almost identical
throughout the modelling process (Table 3). These results indicated that the estimated
fixed effects were robust: the identified relationships were not sensitive to the selection of
the modelling method.

Table 3. Observation-level terms included in the best-performing observation-level and multilevel
models, and their estimates based on the multilevel random slope models. In addition, the variation of
the estimates between model-fitting steps are reported in the brackets. This is the difference between
largest and smallest estimates at the predictor variable’s scale, considering the best observation-level,
intercept-only and random slope models. Note that the model selection was repeated at each step of
the modelling process, but the term selection was identical at each step. Common terms across all
four models are highlighted with grey background.

Estimates (Variation between Model-Fitting Steps)

Term Temperature Salinity pH Chlorophyll-a
Intercept 0.72 (0) 0.38 (0.01) —0.23 (0.07) 0.64 (0)

Week —0.46 (0) 0.24 (0.02) —2.27 (0.02) —0.91 (0.01)

Depth —0.13 (0) 0.06 (0) —0.15 (0.01) —0.11 (0)

Week:Depth 0.10 (0) —0.05 (0) 0.05 (0) —0.18 (0)

Week? 0.35 (0) —0.75 (0.05) —0.99 (0.04)
Depth? —0.14 (0)
Week3 5.32 (0) 0.61 (0.05) 8.42 (0.02) 5.07 (0.06)
Depth?

Week* —1.40 (0) 0.21 (0.02) 0.25 (0.07) 0.26 (0.02)
Depth*

Week® —5.64 (0) —8.55(0.03) —4.54 (0.11)
Depth®

Week® 0.37 (0) —0.07 (0.02)

Depth®

Week” 1.49 (0) —0.08 (0.01) 2.21 (0.01) 1.09 (0.03)
Depth’

The estimated model coefficients showed considerable variation between response
variables (Table 3). Thus, the fitted models indicated that the four response variables had
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different relationships with time and depth. Temperature showed a unimodal relationship
with time, peaking during week 34 in late August (Figure 3A). The linear drop of tempera-
ture with depth decreased and finally disappeared with time (Figure 3A). Salinity increased
during the study period, and the slight layering (least saline water at the top) decreased
and disappeared with time (Figure 3B). pH generally decreased with time, with the largest
changes at the beginning of the period (Figure 3C). The layering in pH decreased slightly
with time (Figure 3C).
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Figure 3. Interactive effects of “week” and “depth” on (A) temperature, (B) salinity (specific conduc-
tance), (C) pH and (D) chlorophyll-a concentration based on the observation-level model. See Table 3
for the corresponding model structures and coefficients. All variables are shown on back-transformed
scales and observations as grey dots.

The temporal changes in the chlorophyll-a concentration were most complex. Chlorophyll-
a reached its minimum during week 23 (early June) and peak during weeks 31-34 (August;
Figure 3D). The vertical pattern in chlorophyll-a turned over during the period: the topmost
layer had the lowest concentration in early spring but the largest concentration in late
autumn (Figure 3D). Based on the model, the layering was strongest at the end of the
period (Figure 3D).

3.2. Variability of Water Properties at Site and Sub-Site Levels

For temperature, intraclass correlation for site in the intercept-only model was 0.01
(Table 4). This indicated that only 1% of the variance in temperature was at the site level.
However, the intraclass correlations for other response variables suggested that 34, 12
and 17% of variation was at the site level for salinity, pH, and chlorophyll-a, respectively
(Table 4). This meant that the overall level of these three variables differed notably between
sites. Intraclass correlation for the nested site—sub-site structure was zero across all models
(Table 4). This means that there was no significant variance at the sub-site level. Therefore,
an appropriate random model structure included random effects only for site. Even though
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the ICC for temperature was low, a mixed-effects model appropriately dealt with the nested
data structure and was therefore also seen as the best model structure for temperature.

Table 4. Intraclass correlations (ICC) in the intercept-only models.

Response Variable ICC (Site) ICC (Site:Sub-Site)
Temperature 0.01 0.00
Salinity (conductivity) 0.34 0.00
pH 0.12 0.00
Chlorophyll-a 0.17 0.00

3.3. Variability of Temporal and Vertical Patterns at Regional and Local Scales

Sequential fitting of the random slope models and examination of the BIC indicated
that the best multilevel models for all four water property variables included random slopes
for the first- and second-order “week” terms (Table 5). In addition, all models included a
random slope for “depth” (Table 5). Thus, the best-performing multilevel models allowed
the intercept and slope coefficients for both “week” and “depth” to vary between sites.

Table 5. Site-level random terms included (x) and excluded (-) in best-performing random slope models.

Random Slopes
Random
Variable Intercept (Week | Site)  (Week? | Site) (Depth|Site) (Depth?|Site)
(11Site)
Temperature X X X X -
Salinity X X X X -
pH X X X X -
Chlorophyll-a X X X X -

In practice, the random intercept allowed the overall level of the response variable
to vary between sites, thus reflecting real-life differences in the level of a water property
variable. The random slope coefficient for “week” meant that the value of each water
property variable changed more rapidly with time in specific sites than in others. Similarly,
the random slope coefficients for “depth” indicated that the strength of the vertical water
property gradients varied between sites.

The best multilevel models succeeded in explaining 95%, 92%, 79% and 60% of
variance in temperature, salinity, pH and chlorophyll-a, respectively (Table 6). The im-
provement of model performance, compared to the corresponding observation-level model,
was notable for salinity (Figure 4), pH and chlorophyll-a, since the models were able to
accommodate site-specific relationships between water properties, time and depth. For
example, compared to linear regression models, the best multilevel model for salinity
decreased residual variance from 0.46 to 0.08 (Table 6; Figure 4). Overall, the chlorophyll-a
models performed worst, but the improvement in performance compared to observation-
level models was notable (decrease in residual variance from 0.72 to 0.40; Table 6). For
temperature, the performance of the best observation-level model was so high that there
was little room for improvement in multilevel models (Table 6).
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Table 6. Residual variances of the best observation-level and multilevel models for the four water property variables.

Model Variant Temperature Salinity pH Chlorophyll-a
Variance of scaled variable 1.00 1.00 1.00 1.00
Intercept-only model 0.99 0.67 0.89 0.84
Best observation-level model 0.08 0.46 0.48 0.72
Best multilevel model 0.05 0.08 0.21 0.40
A. Observation-level model B. Random slope model
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Figure 4. Salinity residual variance in (A) the observation-level model and (B) the random slope model. Note that the

variance of the scaled variable is 1.

The random slope models for salinity (Figure 5) and chlorophyll-a (Figure 6) indicated
the most distinct random effects, i.e., the largest site-specific variation in the overall levels
and in the temporal and vertical patterns. For example, salinity was generally highest
(highest intercept) in the southern sites in the outer archipelago and lowest in the inner
archipelago (e.g., KORP110 and TSA385, respectively; Figure 5). The slope of the first-order
“week” term was generally steepest in the north-western part of the study area, meaning
that the increase in salinity during the summer season was most distinct (Figure 5). In some
other sites, such as “PAR01”, salinity did not exhibit a clear increasing trend (Figure 5).

The overall level (intercept) of chlorophyll-a was highest in the central inner archipelago,
as well as in the southern sites (Figure 6). The random effects indicated very different
and even opposite temporal changes in chlorophyll-a concentration in the archipelago
(Figure 6). For example, the model predicted the chlorophyll-a concentration to remain
relatively low throughout the summer season in “KUS44” (Figure 6). However, increasing
trends, decreasing trends and a high peak in the middle of the summer season were pre-
dicted by the same random slope model in sites “TSA385”, “PALA115” and “TURM?220”,
respectively (Figure 6).

The results of multilevel modelling indicated that, in the summer season of 2007,
all four water quality variables varied significantly at the temporal and vertical scales
(Table 7). In addition, all except temperature varied significantly at the regional scale and
experienced site-specific temporal changes (Table 7).
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Salinity: site-specific coefficients
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Figure 5. Salinity random coefficients and the partial effect of “week” in the random slope model: (A) site-specific intercepts,
(B) site-specific slopes for the first-order term, (C) the main effects of “week” on salinity at four very different sites and
(D) coefficients on a map. The four different sites highlighted in the figure are “KORPP110” and “TSA385” with highest and
lowest intercepts, respectively, and “KUS44” and “PAR01” with highest and lowest slopes for “week”, respectively. Note
that all coefficients and effects are at the scale of scaled and centred variables.
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Figure 6. Chlorophyll-a random coefficients and the partial effect of “week” in the random slope model: (A) site-specific
intercepts, (B) site-specific slopes for the first-order term, (C) the main effects of “week” on chlorophyll-a at four very
different sites and (D) coefficients on a map. The four different sites highlighted in the figure are “TURM220” and “KUS44”
with highest and lowest intercepts, respectively, and “PALA115” and “TSA385” with most and least inclined slopes for
“week”, respectively. Note that all coefficients and effects are at the scale of scaled and centred variables.

Table 7. Relevant scales (x) of water property variables, based on ordinary and multilevel regres-

sion modelling.

Variable Temporal Vertical Regional (10* m) Local (10? m)
Temperature X X - -
Salinity X X X -
pH X X X -
Chlorophyll-a X X X -

4. Discussion

We present a detailed examination of the variation of key water properties in horizon-
tal, vertical and temporal dimensions on a brackish archipelago coast, based on a unique
high-density dataset. Our results demonstrate that the four water properties, temperature,
salinity, pH and chlorophyll-a concentration, vary significantly at temporal and vertical
scales. This alone confirms that the spatio-temporal variation of water properties in a com-
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plex coastal archipelago cannot be captured by temporally and vertically sparse sampling,
as also suggested by previous studies (e.g., [9,10]). Further, the impact of time on water
properties varies notably and somewhat predictably along the vertical gradient.

Chlorophyll-a exhibits the most complex temporal and vertical patterns, including
a vertical shift of the chlorophyll-a concentration (Figures 3D and 6C). In the spring, the
lowest values are measured close to the surface, and highest values at the 10 m depth, while
the situation is reversed in the autumn (Figure 3D). This indicates that there are different
vertical distributions of the life cycles between the phytoplankton species occurring in the
spring and in the later summer (e.g., [43,44]). The model captures the spring and later
summer peaks in algal growth [45], as well as a continuous increase in salinity throughout
the study period.

A notable part of the variation in salinity, pH and chlorophyll-a occurs at the site
level (12-34%), i.e., between locations that are several kilometres apart. Thus, salinity, pH
and chlorophyll-a vary notably at the regional scale (10* m). Temperature varies more
homogeneously at the regional scale, but finer details of the temporal-vertical patterns are
site-dependant. No notable variance remains at the sub-site level. In other words, there is
no local-scale (10? m) variation in water properties (Table 5). These findings statistically
confirm the indicative results by Suominen et al. [9].

Instead of trying to explain why the variation among the water properties occurs, the
aim of this study is to portray how the variation occurs spatio-temporally, and how it is
divided into the horizontal, vertical and temporal dimensions. There are many underlying
phenomena and measurable variables, such as nutrient concentrations, which regulate
the chlorophyll concentration and the seasonal distribution of solar radiation, which
regulates, among other things, the water temperature [46]. Instead of coupling the drivers
with outcomes, this study confirms the significance of the water property variation in
all dimensions.

Multilevel modelling proves to be an appropriate statistical approach to partitioning
variation in water property variables into temporal, vertical and horizontal dimensions and
examining their temporal and vertical gradients in different areas. As they are designed
for accounting for the spatially nested structure of observations, they would be suitable
for testing hypotheses on the drivers of water properties based on such spatial data. This
is because the underlying assumption of independence in observation-level modelling
(standard linear regression) is not fulfilled in spatially clustered data [33]. This is the case
even if there is no significant variation between groups of observations, in this case between
the sampling sites [33]. In addition, after incorporating suitable regional-level predictor
variables into the models, they would be suitable for predictive water property modelling.

The results from our multilevel modelling suggest that both the overall level and the
seasonal development of water properties vary at the regional (but not local) scale. In
multilevel modelling, allowing the regression coefficients to vary between sites reveals
important processes, which may be masked in observation-level examination. For example,
only the best multilevel model for temperature allows the effect of depth to vary between
sites, revealing potentially important vertical-temporal processes. Conversely, the depth
profiles of salinity, pH and chlorophyll-a are similar among the sites.

Preliminary tests using second- and third-order models perform reasonably well for
temperature, salinity and pH, and capture the main seasonal trends (see Appendix B). The
more complex models (including up to seventh-order terms) are able to also capture the
smaller temporal fluctuations in water properties. These preliminary findings suggest
that the simpler second- and third-order models could be more suitable starting points
for the predictive modelling of water properties (temperature, salinity and pH), i.e., when
transferring the results into other areas and other years. The higher-order models seem
to capture small-scale temporal variability of the particular observation period. These
are potentially influenced by factors such as weather conditions and hydrological and
oceanographic conditions.
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It should be noted that national monitoring programs are designed to provide an
overview of entire sea areas, and therefore they should not be expected to reveal regional-
scale details. However, for example, the Finnish national program covers two (temporal
and vertical) of the three relevant dimensions identified in this study: a small number of key
sites (NAU2361 in our study area; see Figure 1) are sampled frequently throughout the year,
and along the depth gradient. In addition, the Finnish national program has been running
uninterrupted for decades, thereby offering long time-series data that enable inter-annual
comparisons. Regarding regional-scale spatial detail, our results indicate that a single
sampling site does not reliably represent water properties—apart from temperature—in
the entire archipelago, not even at the nearest sites included in the national monitoring
network. Thus, the temporally frequent sampling at one site only represents the very local
(102 m) surroundings at the site. In addition, national monitoring programs may involve
a spatially dense but temporally sparse sampling of water properties, such as in Finland.
The results of one spatially dense sample cannot be generalised to other periods of time,
since the seasonal development patterns are dissimilar among the sites.

The data and methodology used in this study provide solid statistical evidence on
the issue of horizontal, vertical and temporal scalability of water property measurements.
The methods are applicable in coastal areas anywhere to locally examine the scalability
of in situ sampling. The predictability of water properties in other years based on the
multivariate models for a single year is somewhat restricted, due to year-to-year variability
in weather conditions and in the Atlantic forcing. To a degree, it can be assumed that the
main spatio-temporal trends persist from year to year, but the lack of detailed data for
other growing seasons sets a limitation to these conclusions. Further research on this topic
would benefit from multi-annual in situ time series data from a few selected sites, as well
as combining high-quality remotely sensed data to in situ data [47-50].

5. Conclusions

Our study confirms that the variation in archipelago water properties of temperature,
salinity, pH and chlorophyll-a concentration is significant along the temporal and vertical
(depth) gradients. All water properties except temperature vary significantly horizontally
at the regional scale, but temperature conditions are more uniform. We also conclude that
the seasonal developments and vertical profiles of these water properties are significantly
different among nearby sites no more than 10 km apart in the Finnish Archipelago Sea,
and that local-scale (10? m) variation is not an issue in the sampling of water properties.
These findings have implications for designing environmental monitoring campaigns
or assessing the scalability of their results, when managing global change in marine
archipelago environments.
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Appendix A

Table A1l. Stepwise observation-level regression results for the four response variables: BIC of each model variant after
elimination of one term.

Temperature BIC Salinity BIC pH BIC Chlorophyll-a BIC
Full 817 Full 6006 Full 6123 Full 7296
[- Depth!?] 817 [- Depth!?] 6006 [- Depth!?] 6123 [- Depth!?] 7296
[- Week10] 817 [- Week1] 6006 [- Week1] 6123 [- Week10] 7296
[- Depth?] 817 [- Depth?] 6006 [- Depth?] 6123 [- Depth?] 7296
[- Week’] 817 [- Week’] 6006 [- Week’] 6123 [- Week’] 7296
[- Depth®] 817 [- Depth®] 6006 [- Depth®] 6123 [- Depth®] 7296
[- Week®] 817 [- Week®] 6006 [- Week?] 6123 [- Week®] 7296
[- Depth’] 817 [- Depth’] 6006 [- Depth”] 6123 [- Depth”] 7296
[- Depthé] 817 [- Depthé] 6006 [- Depthé] 6123 [- Depth6] 7296
[- Depth®] 810 [- Depth®] 5998 [- Depth®] 6115 [- Week®] 7288
[- Depth®] 802 [- Depth®] 5990 [- Depth?] 6107 [- Depth?] 7280
[- Depth?] 795 [- Week®] 5982 [- Depth’] 6099 [- Depth’] 7273
[- Depth?] 789 [- Depth?] 5974 [- Depth?] 6096 [- Depth] 7270
[- Depth?] 5966 [- Week?] 6092
[- Week?] 5958
Appendix B
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Figure A1. BIC of model variants with increasing number of higher-order terms for “week”. All models include first-order
terms for “week” and “depth” and the first-order interaction term “week:depth”.
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