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Abstract: This study examined the non-stationary relationship between the ecological
condition of streams and the proportions of forest and developed land in watersheds using
geographically-weighted regression (GWR). Most previous studies have adopted the ordinary least
squares (OLS) method, which assumes stationarity of the relationship between land use and biological
indicators. However, these conventional OLS models cannot provide any insight into local variations
in the land use effects within watersheds. Here, we compared the performance of the OLS and
GWR statistical models applied to benthic diatom, macroinvertebrate, and fish communities in
sub-watershed management areas. We extracted land use datasets from the Ministry of Environment
LULC map and data on biological indicators in Nakdong river systems from the National Aquatic
Ecological Monitoring Program in Korea. We found that the GWR model had superior performance
compared with the OLS model, as assessed based on R2, Akaike’s Information Criterion, and Moran’s
I values. Furthermore, GWR models revealed specific localized effects of land use on biological
indicators, which we investigated further. The results of this study can be used to inform more
effective policies on watershed management and to enhance ecological integrity by prioritizing
sub-watershed management areas

Keywords: biological indicator; stream ecosystem; land use effects; geographically weighted regression

1. Introduction

Land use in watersheds has both direct and indirect impacts on the water quality [1–4] and
biological community integrity [5–12] of adjacent streams. The ways in which land is used in
watersheds determine the type and quantity of pollutants loaded into streams, and can lead to
degradation of water quality and ecological integrity. Previous studies have demonstrated that high
levels of urbanization within watersheds are strongly linked to poor water quality and biological
conditions. In contrast, a high level of forest coverage within watersheds is closely related to lower
concentrations of pollutants and more favorable ecological conditions in streams. Therefore, managing
the water quality and ecological integrity of streams requires intelligent watershed management
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that takes into account the type and extent of land use. Such policies must be rooted in a deep
understanding of the relationship between land use and stream conditions.

Most previous studies have adopted conventional statistical tools, including correlation or
ordinary least squares (OLS) regression analysis, in assessing the effects of land use on ecological
integrity as measured by certain biological indicators. One important assumption of these conventional
statistical methods is that the effects of land use on ecosystems are constant (i.e., stationary) within the
entire study area; thus, local variations in these effects are ignored. However, in practice, the effects
of land use on ecological variables may be spatially heterogeneous; observations from one region
might not hold true for other regions, owing to differences in watershed characteristics and pollution
sources [13]. Indeed, the relationship between land use and biological variables can vary across
space, based on factors such as hydrological systems, watershed characteristics, land use patterns,
riparian characteristics, stream types, and precipitation. However, conventional statistical approaches
(e.g., Spearman’s rank correlations or OLS regression) are unable to capture this spatial variation,
because they analyze average values for an entire area. It is, therefore, difficult to develop area-specific
watershed management practices for policy-makers, government agencies, and land managers, owing
to the discrepancy between area-specific requirements and the conclusions drawn from data averaged
across entire regions.

A few statistical techniques have been proposed to address local variations in land use effects,
including the expansion method [14,15], spatial adaptive filtering [16,17], and multi-level modeling [18].
One of the most simple and powerful tools for dealing with the spatial heterogeneity of effects is
geographically-weighted regression (GWR) [19,20]. GWR estimates parameters for all sample points
in a dataset while taking into account non-stationary relationships. GWR can directly and effectively
explore the non-stationarity of a regression for spatial data by locally calibrating a spatially-varying
coefficient regression model. Due to its simplicity and efficiency, GWR has been successfully applied
in fields such as forestry [21], economics [22,23], remote sensing [24], urban studies [25], and water
quality assessment [4,13].

In this study, we compared the performances of the OLS and GWR models in explaining variation
in biological indicators by the type of land use in the watershed, water quality indicators, and the
topographic variables of sampling sites. Using the results of GWR models, we also investigated the
contrasting effects of forests and developed areas in watersheds on biological indicators in streams.
Forests and land development have long been recognized as competing land uses in Korea. Typically,
land development in Korea involves removing forests and developing the land for purposes such as
residential housing, roads and industrial land. Therefore, the watershed management practices of local
governments must regulate the manner in which forestland is developed to minimize adverse effects
and ensure the water quality and ecological integrity of streams. Understanding the area-specific
effects of forests and developed land on the ecological integrity of streams may be critical for local
governments to effectively regulate land transformation and manage watersheds. One recent study
found significant local variation in the effects of land use on water quality in the Boston area [13].
In this study, relationships were not consistent among different water quality parameters and land
use indicators, but rather depended on the level of urbanization within watersheds. Therefore, we
hypothesize that a similar non-stationarity may exist in the relationship between land use (i.e., forested
areas and developed areas) and biological indicators in streams.

In summary, the aims of this study were:
(a) To test the non-stationarity of land use effects on biological indicators through a comparison of

the OLS (global model) and GWR (local model) regression models, for the three biological indicators
of the trophic diatom index (TDI) (benthic diatom), Korean saprobic index (KSI) (macroinvertebrate),
and index of biotic integrity (IBI) (fish) using the three criteria of R2, the AICc value [20], and Moran’s
I [26] of the OLS model and GWR model.

(b) To investigate the spatial distribution of land use effects on biological indicators, including the
TDI, KSI, and IBI.
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2. Materials and Methods

2.1. Study Streams and Sampling Sites

Since 2007, the Ministry of Environment in Korea has monitored various stream characteristics
across the entire nation twice a year (in spring and fall) under the National Aquatic Ecological
Monitoring Program (NAEMP). The variables measured include aquatic organisms in streams (benthic
diatoms, macroinvertebrates, and fish), habitat quality, and various physicochemical parameters. The
data generated by this program have been stored in a database in both spatial and non-spatial formats.
For monitoring purposes, the NAEMP has identified and hierarchically-structured watersheds across
the entire country, including the national watershed management regions (NWMRs), base watershed
management regions (BWMRs), and sub-watershed management areas (SWMAs). The total number
and average area of the NWMRs are 21 and 5191.74 km2, respectively; the respective values for BWMRs
are 117 and 931.85 km2, and those for SWMAs are 840 and 129.79 km2 [27]. Typically, NWMRs and
BWMAs fall under the purview of the national government, whereas local governments are concerned
with SWMAs [11].

For the current study, we focused on a Nakdong national watershed management region (NWMR)
containing 22 BWMRs and 191 SWMAs (Figure 1). We decided to use SWMAs as the study unit, because
they are the basic unit of land use management for local governments and the MOE. Furthermore,
we expected that the relationships between land use and biological indicators would be clearer at the
SWMA level than at the NWMR or BWMR level.

The NAEMP has set up monitoring networks consisting of 1200 target sampling sites for the
entire nation and 347 sites for the Nakdong river systems, including reference sites. Although not
always the case, the target number of sampling sites under the monitoring program often corresponds
approximately to the number of SWMAs. Owing to a limited budget, only 149 sites among the
347 target sites in the Nakdong river systems were monitored in 2011. As described earlier, we selected
only 191 SWMAs belonging to the Nakdong river systems for our analysis. Some sampling sites in the
study areas were not monitored in 2011, resulting in 148 sampling sites for the analysis (Figure 1).

The Nakdong River is the largest river within the Nakdong NWMR and the longest river system
in Korea (525 km), covering most of the southeastern part of the Korean Peninsula. The majority of the
streams in this watershed range from second to eighth order. According to the Korean Meteorological
Administration, there has been no great change in precipitation over the last 30 years. The average
annual precipitation for the last 30 years in the study areas was 1064 mm. However, the annual
temperature has been gradually increasing from 12.9 ˝C in 1981 to 14.4 ˝C in 2010. The long-term
annual average temperature for 1981–2010 was 14.1 ˝C, with the lowest average monthly temperature
in January (´12.8 ˝C) and the highest in August (29.32 ˝C). Over the same period, average moisture and
average wind speed were 61.6 (%), and 2.7 (m/s), respectively. The annual mean evapotranspiration
was 1305.7 (mm). It is also noteworthy that approximately two-thirds of the total annual precipitation
occurred during summer (June-September). Significant fluctuations in seasonal precipitation and
water-flow levels are common in this area, and droughts often occur during winter and spring.

2.2. Biological Indicators and Water Quality

Using chemical parameters alone in stream management has been criticized as not fully capturing
ecosystem dynamics [28,29]. For example, these parameters do not capture any information about
the biological communities in streams [27]. Aquatic biota reflects the long-term cumulative effects
of various anthropogenic disturbances [30] and are, therefore, crucial indicators of the ecosystem
health of streams [28,31,32]. Various individual and aggregated indices for algae, macrophytes,
macroinvertebrates, and fish have been proposed for the purposes of evaluating the ecological
condition of streams and rivers [33–38]. Accordingly, the NAEMP has adopted and modified biological
indicators for benthic diatoms, macroinvertebrates, and fish, as well as metrics for habitat quality
based on indicators developed in other geographical areas (mainly North America and Europe). After
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reviewing a broad range of indices, the NAEMP adopted the TDI of Kelly and Whitton [39] for diatom
communities, because it was developed based on the sensitivity and occurrence of a limiting nutrient
(PO4-P) in freshwater systems. The sensitivity of the original TDI was evaluated using diatoms present
in Korean rivers and streams, and the values for major taxa were amended accordingly. To evaluate
macroinvertebrate communities, the NAEMP also adopted the KSI, which was constructed based on
the method of Zelinka and Marvan [40]. Later, the KSI was modified and improved following the
German standard method [41]. Since the introduction of the IBI by Karr [42], an IBI-type model using
fish assemblages has been adopted by many countries. The 12 metrics originally proposed by Karr [42]
were reduced to eight metrics after analysis of their properties according to the ecological characteristics
of Korean fish assemblages in the NAEMP (for more detailed information on the biological indicators
used by the NAEMP, see Lee et al. [27]). In the present study, we analyzed monitoring results from the
NAEMP using TDI, KSI, and IBI in 2011, based on the mean values of spring and fall, ranging from
0 (very poor condition) to 100 (excellent condition) (Table 1). We adopted water quality parameters
(biological oxygen demand (BOD), total nitrogen (T-N), total phosphorous (T-P), and chlorophyll-a
(Chl-a)) as independent variables for biological indicators. We also measured mean elevation and
slopes within a 1 km buffer of sampling sites.
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Figure 1. The study area, the Nakdong national watershed management region. The area consists of
191 sub-watershed management areas (SWMAs) and sampling sites in the National Aquatic Ecological
Monitoring Program in Korea. The number and locations of sampling sites roughly correspond to the
SWMAs, which are the base watershed management unit of the local government.
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Table 1. Aquatic organisms and their biological indicators used in the NAEMP, and their
underlying indicators.

Aquatic Organism Parameters Descriptions References

Benthic diatoms TDI (Trophic Diatom Index)

Diatom sensitivity and
occurrence in relation to a
limiting nutrient (PO4-P) in
freshwater systems

Kelly and Whitton [39]

Macroinvertebrates KSI (Korean Saprobic Index)

Index with representative
taxonomic groups and their
occurrences of
macroinvertebrates

Zelinka and Marvan [40]

Fish IBI (Index of biotic Integrity)

Index using fish
assemblages to assess the
effect of human disturbance
on streams and watersheds
with 8 metrics

Karr [42]

2.3. Land Uses and Topographic Variables

To calculate the proportions of land use in watersheds at the SWMA level, we integrated the Land
Use/Land Cover map released by the Ministry of Environment. The Land Use/Land Cover map of
the Ministry of Environment was generated using the Landsat Thematic Mapper (30 m resolution)
and Indian Remote Sensing-1C panchromatic (5.8 m resolution) images in 2007 and updated in 2011.
The original Land Use/Land Cover map of the Ministry of Environment classified land use and
land cover into 23 subcategories. For the current study, we reclassified the 23 subcategories into six
categories: (a) developed areas including industrial, residential, roads, commercial, and bare soils;
(b) agricultural areas; (c) paddy areas; (d) forested areas, including deciduous forest, coniferous forest,
and mixed forest; (e) grassy areas including grassland and golf courses; and (f) wetlands. The area of
each reclassified Land Use/Land Cover map category within each SWMA was computed in ArcMap
and converted into proportional data for analysis. However, we included only two land use types
for the study: forest and developed land. To compute topographic variables, including elevation and
slope, we created a 1 km buffer from sampling sites, and computed the mean slope and elevation.

2.4. Geographically Weighted Regression (GWR) Model

OLS regression is the most common statistical tool used to explore the effects of independent
variables (e.g., proportions of land use types) on a dependent variable (e.g., biological indicators). It
is a global estimation technique that assumes spatial stationarity of the regression relationship and
generates a single regression equation that best fits the variables for the entire study area. However, as
discussed earlier, this global estimation technique does not capture local variations in the relationship
between the proportions of different land uses and biological indicators. A typical OLS model for the
relationship between land use and biological indicators might be:

y “ β0 `

n
ÿ

i“1

βixi ` ε (1)

where y is the dependent variable (i.e., variance of biological indicators), β0 is the intercept, β1 is the
coefficient of variable xi (i.e., proportion of land use type i), n is the number of independent variables
(i.e., number of land use types), and ε is the error term. To estimate the local variation in proportions of
land use with the above model, the locations of sampling sites need to be integrated into the equation
as well:

yj “ β0
`

uj ` vj
˘

`

n
ÿ

i“1

βi
`

uj ` vj
˘

xi ` ε (2)
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where uj and vj are the coordinates for each sampling location j, β0(uj+vj) is the intercept for sampling
location j, and β1(uj+vj) is the local coefficient of proportion land use type i at location j [19,43–48].
From this perspective, the OLS model is a special case of the GWR model in which the parameter
surface is assumed to be constant over space [20,44].

Equation (2) is a base GWR model for the biological indicators in this study. Rather than a single
equation, it comprises an array of equations corresponding to different sampling sites. In GWR, an
observation is weighted according to its proximity to sampling location j, with the result that the
weighting of an observation is no longer constant in the calibration but varies with j. GWR is calibrated
by weighting all observations around a sampling site using a distance decay function, which assumes
that the observed values closer to the sampling location have higher impact on the local parameter
estimates for the location [20,49]. The weighting function can be expressed in the exponential distance
decay form as follows:

wjk “ exp
´

´d2
jk {h

2
¯

(3)

where wjk is the weight of observation at sampling location k for the sampling location j, djk is
the distance (meters, in this study) between sampling locations j and k, and h is referred to as the
kernel bandwidth.

In GWR, there are two types of bandwidth options, fixed and adaptive. Fixed kernel bandwidth
uses a constant bandwidth over study areas. In contrast, adaptive kernel bandwidth uses varying
bandwidths based on data density: bandwidths are larger in locations where data are sparse and
smaller where data are dense. In the current study, we used adaptive kernel bandwidth because of
the inconsistent sampling densities over the study areas. The GWR model generated estimates the
proportions for each land use type for each sampling site (i.e., local coefficient), the values of t-tests on
the local parameter estimates, the local R2, and the local residuals. Non-stationary effects of land uses
on biological indicators can, therefore, be visualized by mapping coefficients, t-statistics, and R2 values
over the study areas.

2.5. Model Comparisons

The relative performance of the OLS and GWR models can be assessed by comparing R2 values,
Akaike’s Information Criterion (AICc) [20], and spatial autocorrelation of residuals (Moran’s I). Greater
R2 values indicate that variance in watershed land use explains a larger proportion of the variance in
biological indicators in streams. Lower AICc values indicate a closer approximation of the model to
the actual nature of the relationships between land uses and biological indicators [50].

Similar to conventional correlation coefficients, Moran’s I, a measure of spatial autocorrelation,
ranges from ´1 to 1. When the value of Moran’s I for the residuals of estimated models is close to zero,
it suggests that the residuals are spatially independent. When the value is close to ´1 or 1, it indicates
that residuals are strongly spatially dependent [51]. We used the embedded software ArcToolbox
in ArcMap to estimate GWR-derived and OLS-derived values for the TDI, KSI, and IBI indicators
of benthic diatoms, macroinvertebrates, and fish, respectively, in the study areas. ArcMap GIS was
also used to compute Moran’s I value and to visualize the non-stationarity of the effects of land uses
in watersheds.

3. Results

3.1. Descriptive Statistics and Spatial Distributions

Ecological conditions measured by biological indicators, including TDI, KSI, and IBI, varied
greatly among sampling sites (Table 2). Very low biological indicator values (near zero: very poor
ecological condition) were observed at some sites, while others had very high values (near 100: very
good ecological condition). The mean values of the TDI, KSI, and IBI within the study area were 43.27,
63.19, and 56.89, respectively. Overall, the condition of macroinvertebrate assemblies in the study areas
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was slightly better than the condition of benthic diatom or fish assemblies. The standard deviation
of KSI values suggested greater variance in KSI values than in TDI or IBI values. Interestingly, all
indicators reflected poor ecological conditions along main streams and in downstream areas in the
southeastern part of the study region (Figure 2).Water 2016, 8, 120 8 of 22 
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Figure 2. Distribution of biological indicator (Trophic Diatom Index (TDI), Korean Saprobic Index (KSI),
and Index of Biotic Integrity (IBI)) values. Lower values (poor ecological conditions) were observed
primarily along the main river, while high values (good ecological conditions) were observed in feeding
streams. Notably, downstream (southeast) areas tended to have lower values for all indicators.

Table 2. Descriptive statistics of the variables used in the study. TDI, KSI, and IBI are biological
indicators. Proportions of land use types were computed at the Sub-Watershed Management Area
(SWMA) scale. Study areas varied greatly in the proportion of land use types, biological indicator
values, and topographic variables.

Variables min max mean SD

Biological indicators
TDI (Benthic diatoms) 0.00 76.10 43.41 20.90
KSI (Macroinvertebrates) 5.80 97.30 62.73 24.14
IBI (Fish assembly) 6.30 96.90 56.79 22.22

Water quality
parameters

BOD (mg¨ L´1) 0.2 7.9 1.00 0.80
T-N (mg¨ L´1) 0.74 4.95 2.24 0.87
T-P (mg¨ L´1) 0.01 0.44 0.04 0.05
Chl-a (mg/m3) 2 8.2 1.05 0.88

Topographic
variables

Elevation (m) 1.57 904.11 154.86 154.05
Slope (%) 0.33 24.23 8.84 5.37

Proportions of land
use types

Forests (%) 26.67 95.54 63.84 15.29
Developed (%) 0.65 38.78 6.53 5.27

n = 138. Abbreviations: TDI, Trophic Diatom Index; KSI, Korean Saprobic Index; IBI, Index of Biotic Integrity;
BOD, biological oxygen demand; T-N, total nitrogen; T-P, total phosphorous; Chl-a, chlorophyll-a.

The mean values of the BOD, T-N, and T-P were 1.0, 2.24, and 0.04, respectively, indicating
relatively good water quality in the areas investigated. However, the large standard deviation of
elevation and slope indicate complex topographic characteristics in the study areas.

The relative proportions of each type of land use in watersheds also varied greatly across the
study areas. The dominant land use type in the study area was forest (mean: 63.64%). Developed
areas were relatively small, and concentrated at several sites along the main river, particularly near the
central and downstream regions (Figure 3). As shown in Figure 3, several cities of various sizes were
located near/along the main stream. Daegu and Busan were the two largest cities, with populations of
2.5 million and 3.5 million, respectively.
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Before we undertook a detailed analysis, we considered the changes of the biological indicators
over the five years from 2008 through to 2012 to understand the nature of the dataset (Figure 4). In 2011,
there were changes in the biological indicators. KSI and IBI had slightly higher values, while TDI had
slightly lower values, than the other years. Despite this fluctuation in the biological indicators in 2011,
we used 2011 monitoring data to match with the most up-to-date land use/land cover data released by
the Korean Ministry of Environment. Thus, there is a possibility that models estimated using datasets
for other years might be slightly different from the model estimated using the 2011 dataset.

3.2. Selecting the Best Predictors for Biological Indicators

Before estimating the OLS and GWR models for each biological indicator, we conducted a
preliminary regression analysis using the water quality parameters (i.e., BOD, T-N, T-P), topographic
variables (i.e., elevation and slope), and land use parameters (i.e., developed areas, forested areas,
agricultural areas, grass, wetland, and bare soils) to select the best predictive variables. To select the
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best-fit model for each biological indicator, we used the stepwise option in the SPSS for Windows
software (SPSS Inc., Chicago, IL, USA) giving the R2, F-statistics, and t values (p < 0.05) of each variable.
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In Table 3, a model with %forests, T-N, T-P, %bare soil, %wetland, and elevation had the highest
adjusted-R2 (0.41) value for the TDI. For the KSI, a model with %developed areas and concentration of
T-P had the highest R2 value (0.32, F = 22.50, p < 0.01). The percentage of forests, concentration of T-P,
BOD, and elevation were the most significant variables for explaining the variance of IBI in the study
region (adjusted-R2 = 0.42, F = 26.01, p < 0.01). From a land use perspective, the proportions of forests,
developed areas, wetland, and grass in the watershed seemed to be significant variables for explaining
the variances of the TDI, KSI, and IBI. In terms of water quality parameters, the concentration of T-P
was the most significant determinant for all indicators, while the concentration of T-N and BOD was
the most significant variable only for TDI and IBI, respectively.

Table 3. Preliminary regression estimations used to select effective variables for model estimations.

Biological Indicator R2 Effective Predictors F-Values

TDI (Benthic diatoms) 0.41 %forests, T-N, T-P, %bare soil,
%wetland, elevation 16.71 **

KSI (Macroinvertebrates) 0.32 %developed areas, T-P, %grass 22.50 **
IBI (Fish) 0.42 %forests, T-P, BOD, elevation 26.01 **

n = 138, * p < 0.05, ** p < 0.01. Abbreviations: TDI, Trophic Diatom Index; KSI, Korean Saprobic Index;
IBI, Index of Biotic Integrity; BOD, biological oxygen demand; T-N, total nitrogen; T-P, total phosphorous;
Chl-a, chlorophyll-a.

In most previous studies dealing with the relationships between land use and water quality, the
proportion of forest in the watersheds had a strong positive relationship with water quality parameters,
while the percentage of developed areas had a strong negative relationship with water quality [1–4]
and biological indicators [5–12]. However, it was rare for both variables to be significant in a regression
model due to a negative mutual relationship. In our preliminary analysis, there was a strong negative
correlation between %forest and %developed areas (r = 0.61) in the study areas. Despite there being
other variables affecting the biological indicators, we focused on only two contrasting land use types
(i.e., forest and developed areas) in our study. In particular, we investigated the spatial pattern of the
coefficients of these two variables in GWR models for the TDI, KSI, and IBI when holding the other
significant determinants constant.
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3.3. Comparison between OLS and GWR Models

We compared the performance of the general OLS (global) and GWR (local) models for the TDI
indicators (Table 4). In the global model, forest land had a positive effect (b = 0.25, β = 0.18) on
TDI indicators, while the concentration of T-P and T-N had negative effects (b = ´111.38, β = ´0.32,
b = ´4.98, β = ´0.21). Thus, a higher proportion of forest in watersheds may enhance the benthic
diatom communities of streams. Conversely, a higher concentration of T-P and T-N had adverse
effects on benthic diatom communities. The percentage of bare soil in the watershed appeared to
have a negative impact on the TDI (b = ´3.44, β = ´0.24), while the percentage of wetland had a
positive influence on the TDI (b = 5.27, β = 0.19). Elevation also had a positive effect on the TDI of
streams (b = 0.02, β = 0.15). In the global model (OLS model), the intercept, land uses in watersheds
(e.g., proportion of forest, bare soils, and wetland), water quality parameters (e.g., concentrations of
T-N and T-P), and topographic characteristics (e.g., elevation) were significant at p < 0.01, and the
global model was also significant overall (F = 16.71, p < 0.01).

Table 4. Results of the OLS (global) and GWR (local) models for the TDI. The higher R2 values and
lower AICc values of the GWR model indicates that it explains more of the variance in the TDI.

Variables
OLS Model (Global Model)

GWR model 1) (Local Model)
b β t-value

Intercept 41.55 - 4.22 ** -
% Forests 0.25 0.18 2.22 ** -

T-P ´111.88 ´0.32 ´4.34 ** -
T-N ´4.98 ´0.21 ´3.04 **

%Bare soil ´3.44 ´0.24 ´2.95 **
%Wet land 5.27 0.19 2.38 **
Elevation 0.02 0.15 2.09 *

F-value 16.71 **
Adjusted R2 0.41 0.44

AICc 1165.43 1159.81
Moran’s I 2) ´0.09 ´0.10

Abbreviations: T-P, total phosphorous; T-N, total nitrogen; AICc, Akaike’s Information Criterion. 1) Coefficients
of the intercept and other variables in the GWR model vary from observation to observation; 2) Spatial
autocorrelation index of residuals. n = 138, * p < 0.05, ** p < 0.01.

The adjusted R2 of the global model was 0.41, indicating that 41% of the variance in the TDI
across streams in the study area could be explained by three land use variables, two water quality
parameters, and one topographic variable, while the remaining 59% was not explainable with these six
variables. The R2 value of the GWR model was 0.44, which was slightly higher than the R2 value of
the OLS model, suggesting that the GWR model performed better than the OLS model in explaining
the variance of the TDI in the study areas. Similarly, the AICc values of the global and local models
were 1165.43 and 1159.81, respectively. The lower AICc values of the GWR model also suggested a
closer approximation of the model to the actual nature of the relationships between the dependent
variables and TDI indicators. The Moran’s I value of the residuals in the local model was ´0.10, which
was slightly higher than in the global model (´0 09). However, the difference in the Moran’s I values
for the two models was very small (0.01).

As discussed previously, the relative performance of the OLS and GWR models can be assessed
based on the R2, AICc, and Moran’s I values of model residuals. Comparisons of these criteria
suggested that the local model (GWR) performed better in explaining the variance of the TDI in the
study areas and the presence of non-stationarity in the relationships between dependent variables,
including the proportion of forest and TDI over space. The presence of non-stationarity suggested that
the influence of forest on the TDI might vary over the study areas.

For the KSI, the proportion of the variation explained by the OLS model was modest (R2 = 0.33)
(Table 5). About 32% of the KSI variance could be explained by the percentage of developed areas
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in the watershed (b = ´2.87, β = ´0.33), the concentration of T-P (b = ´100.96, β = ´0.25), and the
percentage of grass areas (b = ´4.77, β = ´0.19), while the remaining 68% could not be explained by
these variables. The high F- statistic (23.5, p < 0.01) for the OLS model suggests that this model was
significant for the KSI. The results of this model further suggested an inverse relationship between
the proportion of developed land in watersheds and the KSI values of streams. From a land use
perspective, the proportion of developed land had the highest β value (´0.33) among the effective
independent variables, including the concentration of T-P (β = ´0.25) and proportion of grass areas
(β = ´0.19) in the OLS model.

Table 5. Results of the OLS (global) and GWR (local) models for the KSI. The similar values of R2, AICc
and Moran’s I of the two models suggest a similar performance in explaining the variance of KSI in the
study areas.

Variables
OLS Model (Global Model)

GWR Model 1) (Local Model)
b β t-value

Intercept 85.31 - 25.56 ** -
% Developed ´2.87 ´0.33 ´4.15 ** -

T-P ´100.96 ´0.25 ´3.36 ** -
%Grass ´4.77 ´0.19 ´2.47 **

F-value 22.50 **
Adjusted R2 0.32 0.32

AICc 1215.70 1217.88
Moran’s I 2) ´0.04 ´0.06

Abbreviations: T-P, total phosphorous; AICc, Akaike’s Information Criterion. 1) Coefficients of the intercept
and other variables in GWR model vary from observation to observation; 2) Spatial autocorrelation index of
residuals. n = 138, * p < 0.05, ** p < 0.01.

The GWR model had the same R2 value (0.32) as the OLS model (0.32), suggesting that the
GWR model explains almost the same amount of variance as the KSI. Furthermore, the similar AICc
values of the OLS (1215.70) and GWR (1217.88) models revealed that both described the relationship
between the independent variables and KSI to a similar degree of accuracy. The spatial autocorrelation
indexes, measured by Moran’s I values, of the OLS (´0.04) and GWR (´0.06) models were very similar,
suggesting that there was no significant spatial dependency of the residuals in the two models. The
comparison between the two models of the KSI also indicated that non-stationarity effects were not
present in the relationships between the KSI and independent variables, including the proportion of
developed areas, the concentration of T-P, and the percentage of grass areas in watersheds.

For the IBI, the results of the global (OLS) model indicated that IBI values increased significantly
with the proportion of forest within watersheds (b = 0.47, β = 0.32, p < 0.01) and elevated land (b = 0.03,
β = 0.18, p < 0.01). Conversely, the IBI values were inversely related to the concentration of T-P
(b = –81.91, β = ´0.23, p < 0.01) and BOD (b = ´5.99, β = ´0.22, p < 0.01). The adjusted R2 of the global
model was 0.42, indicating that ~42% of the variance in the IBI among streams can be explained by the
four variables of forests, T-P, BOD, and elevation. The F-value (26.57) of the OLS model was significant
(p < 0.01) (Table 6).

The R2 value of the GWR model (0.49) was considerably higher than that of the OLS, and
suggested that ~49% of the variance in the IBI among study sites could be explained by the proportions
of forests, T-P, BOD, and elevation. The GWR model also had a lower AIC value (1165.13) than that
of the OLS model (1171.27). Both the higher R2 value and the lower AIC value strongly indicate that
the GWR model performed better in terms of explaining the IBI variance and approximating reality.
Furthermore, the lower Moran’s I value (–0.01) of the GWR model compared with the OLS model
(0.07) indicates that the residuals in the former model exhibited less spatial dependency. The higher R2,
lower AICc and lower Moran’s I of the GWR model strongly suggest the presence of non-stationarity
between the independent variables and IBI in the study areas. The presence of non-stationarity in the
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relationships suggests that the influence of the proportion of forest, along with other independent
variables, might vary stream by stream in the study areas.

Table 6. OLS (global) and GWR (local) model results for the IBI. The higher R2 values and lower AICc
values indicate that the GWR model explains more of the variance in the IBI. The considerably lower
Moran’s I value of the GWR model indicates a superior performance compared to the OLS model.

Variables
OLS Model (Global Model)

GWR Model 1) (Local Model)
b β t-value

Intercept 33.23 - 4.25 ** -
% Forests 0.47 0.32 4.19 ** -

T-P ´81.91 ´0.23 ´3.00 ** -
BOD ´5.99 ´0.22 ´2.93 **

Elevation 0.03 0.18 2.48 **

F-value 26.01 **
Adjusted R2 0.42 0.49

AICc 1171.27 1165.13
Moran’s I 2) 0.07 ´0.01

Abbreviations: T-P, total phosphorous; BOD, biological oxygen demand; AICc, Akaike’s Information Criterion.
1) Coefficients of the intercept and other variables in GWR model vary from observation to observation;
2) Spatial autocorrelation index of residuals. n = 138, * p < 0.05, ** p < 0.01.

Overall, the results of the OLS models (Tables 4–6) indicated that the selected variables for
each biological indicator could explain ~41%, 32%, and 42% of the variance in the TDI, KSI, and IBI,
respectively. No considerable differences between the OLS and GWR models were observed for the
KSI indicators. The estimated OLS and GWR models of the KSI had almost the same R2, AICc, and
Moran’s I values suggesting that there might be no non-stationary effects of land use, water quality,
and topographic variables for the KSI models. Compared to the OLS model, the considerably higher
R2 value and β-value of the GWR model for the TDI and IBI indicated that, according to this model,
the TDI and IBI were more sensitive to the heterogeneity of forest coverage than the KSI. Therefore, a
higher percentage of forest land in watersheds may substantially enhance the ecological conditions as
measured by the RDI and IBI, and the relationships between forests and two indicators (i.e., TDI and
IBI) might vary over space (i.e., non-stationary effects). Interestingly, the negative impacts of developed
areas were found only in the OLS model for the KSI implying that the higher proportion of developed
areas in watersheds can adversely affect the KSI to a greater extent than the other biological indicators.

Positive influences of forests were found in the TDI and IBI models, suggesting that a higher
proportion of forests in watersheds may enhance the TDI and IBI in streams. Interestingly, land use
(developed areas or forests) in watersheds appeared to be a more significant variable than water quality
parameters or topographic variables in the KSI and IBI models. In the TDI model, a water quality
parameter (i.e., T-P) was more significant than land use or topographic variables.

In contrast to the OLS model, the GWR model assumes non-stationarity in the relationship
between a dependent variable (i.e., a biological indicator) and independent variable (i.e., the proportions
of forest or developed land in watersheds). In the comparison of the performance of the OLS and
GWR models, the GWR models of the KSI were not able to better explain the variances of the KSI in
the study areas. However, the GWR model of the TDI and IBI clearly performed better than the OLS
model in terms of the R2, AICc, and spatial autocorrelation index values (i.e., Moran’s I). The GWR
model is based on non-stationary effects (Equation (2)), while the OLS model is based on stationary
effects (Equation (1)). Therefore, the superior performance of the GWR models strongly suggests
non-stationarity in the effects of land use (i.e., forests) on biological indicators (i.e., the TDI and IBI).
The OLS model might be an effective tool for understanding regionally averaged effects of land use on
ecological conditions, but this global model cannot capture local variations in such effects. For some
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watersheds and indicator types, the OLS model might overestimate or underestimate the effects of
land use.

3.4. Description of Local Estimated Land Use Effects in GWR models

In the GWR models, descriptive statistics for local R2 and land use coefficients for the TDI, KSI,
and IBI vary greatly in each GWR model (Table 7). For example, the proportion of forest with other
variables in the local (GWR) TDI model could explain about 38% (minimum) of the variance in the
TDI among streams in some watersheds, while it could explain 48% (maximum) of the variance
in the TDI among other streams. Similarly, the coefficients of the proportions of forest varied to a
considerable degree among watersheds, ranging from 0.08 to 0.31. Despite this variation, TDI values
always increased with the proportion of forest land. The mean R2 and coefficient values for forests in
the local TDI model were 0.44 and 0. 20, respectively.

Table 7. Descriptive statistics for R2 and coefficients in GWR models. The R2 and local coefficients of
the proportion of forests in the Trophic Diatom Index (TDI) and Index of Biotic Integrity (IBI) models,
and developed land in the Korean Saprobic Index (KSI) model vary greatly over space.

Estimated GWR Models min max mean SD

TDI model
Local R2 0.38 0.48 0.44 0.03

Coefficient of %Forests 0.08 0.31 0.20 0.08

KSI model
Local R2 0.15 0.41 0.32 0.09

Coefficient of %Developed –3.12 –2.31 –2.79 0.25

IBI model
Local R2 0.27 0.54 0.49 0.06

Coefficient of %Forests ´0.03 0.98 0.39 0.30

n = 138.

Similarly, we also found a large degree of variance in R2 values and the coefficients of developed
land in the local KSI model. In particular, the changes of R2 values in the KSI models surprisingly
varied watershed by watershed. In some watersheds, the proportion of developed areas and other
variables explained a small proportion of the KSI variance (15%), while in other areas they explained
up to 41% of the variance. The proportion of developed areas in watersheds had a negative relationship
with the KSI, ranging from ´3.12 to ´2.31.

The R2 of the GWR model for the IBI also varied considerably among the study areas, ranging
from 0.27 to 0.54. This variance indicates that the proportion of forests, T-P, BOD, and elevation
were not consistently able to explain IBI values over space. Although the effect varied significantly
(´0.03 –0.98), higher proportions of forest in watersheds were associated with increased IBI values in
streams. The mean value for the coefficient of the proportion of forest areas was 0.39, the minimum
value was ´0.03, and the maximum value was 0.98. It is interesting to note that, while in most
watersheds the proportion of forests was associated with increased IBI values for streams, in some
watersheds forests had a negligible (or even negative) relationship with IBI values (Table 7). The
standard deviation of %developed (SD = 0.25) land in the KSI local model and %forest (SD = 0.30) in
the IBI local model were relatively high.

Scatterplots between observed and predicted values of the TDI local model indicate that most
sites fell within the 95% confidence range of the estimated GWR model. It seemed that the observed
values in the low range of TDI values were underestimated in the GWR model (Figure 5a). The
KSI-GWR model showed a clear relationship in the middle–high range of KSI values. The GWR model
overestimated in the range of observed KSI values from 20 to 40, while it underestimated in the range
from 0 to 20. Seven watersheds were outside the 95% confidence interval (Figure 5b). The IBI-GWR
model produced an even more complex estimation pattern. In the high range, three watersheds were
overestimated, and one watershed was underestimated. In the middle range, one was overestimated
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and one was underestimated. In the low range of IBI values, two watersheds were underestimated in
the GWR model (Figure 5c).

Water 2016, 8, 120 15 of 22 

 

 
(a) 

 
(b) Water 2016, 8, 120 16 of 22 

 

 
(c) 

Figure 5. The relationships between observed and predicted values of (a) TDI, (b) KSI, and (c) IBI in 
estimated GWR models. 

3.5. Spatial Distribution of the Estimated Parameters of GWR models 

GIS mapping technology is an effective means of visualizing the variability of local R2 and land 
use coefficients in local GWR models for the TDI, KSI, and IBI indicators (Figure 6). Within the study 
region, higher R2 values (dark red dots) of the GWR model for the TDI indicator (Figure 6a) were 
observed mostly in the upstream areas, while lower R2 values (cream color) were located mainly in 
the middle stream areas. In these regions, the forests and other variables explained a relatively small 
proportion of the TDI variability. Higher forest coefficient values (dark red) were concentrated in 
downstream areas, suggesting a relatively higher influence of forests on the TDI in these areas. In 
contrast, lower coefficients for forest in the estimated GWR model were observed mostly in middle-
stream areas, while the upstream areas produced mid-range coefficients for forests (red dots). Despite 
the spatial variation, TDI values were always increased by forests (Figure 6a). 

(a)

Coefficient 
of %forestLocal R2

Figure 5. The relationships between observed and predicted values of (a) TDI, (b) KSI, and (c) IBI in
estimated GWR models.



Water 2016, 8, 120 15 of 21

3.5. Spatial Distribution of the Estimated Parameters of GWR models

GIS mapping technology is an effective means of visualizing the variability of local R2 and land use
coefficients in local GWR models for the TDI, KSI, and IBI indicators (Figure 6). Within the study region,
higher R2 values (dark red dots) of the GWR model for the TDI indicator (Figure 6a) were observed
mostly in the upstream areas, while lower R2 values (cream color) were located mainly in the middle
stream areas. In these regions, the forests and other variables explained a relatively small proportion
of the TDI variability. Higher forest coefficient values (dark red) were concentrated in downstream
areas, suggesting a relatively higher influence of forests on the TDI in these areas. In contrast, lower
coefficients for forest in the estimated GWR model were observed mostly in middle-stream areas,
while the upstream areas produced mid-range coefficients for forests (red dots). Despite the spatial
variation, TDI values were always increased by forests (Figure 6a).
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Higher R2 values in estimated GWR models for TDI and IBI were observed in upstream areas,
where forests were relatively well preserved and land development was less extensive. Conversely,
the higher R2 values in the estimated GWR model for the KSI were concentrated in downstream areas.
Interestingly, both the proportion of forest and developed areas had relatively higher coefficient values
in downstream areas in the estimated GWR models for the TDI, KSI, and IBI.

4. Discussion

Forests and developed land have contrasting effects on stream biological communities
(e.g., diatoms, macroinvertebrates, and fish) in watersheds. Previous studies have shown that
greater proportions of forest coverage are consistently associated with a more favorable ecological
status for streams [5–7,52–57]. In contrast, greater proportions of developed land in watersheds
are consistently associated with significantly poorer ecological conditions, as measured by various
biological indicators [6,7,52,53,56,58–61]. Adverse effects of agricultural land use in watersheds on
biological indicators are also well documented [7,11,62,63].

Our OLS models for the TDI, KSI, and IBI indicators confirmed previous research reporting
negative effects of developed land (e.g., urbanized or impervious areas) and positive effects of forest on
biological indicators in watersheds. Forests had positive impacts on the TDI and IBI, while developed
areas had a negative influence on the KSI.

Most previous studies focusing on the relationship between land use in watersheds and the
ecological conditions of streams have adopted conventional correlation or regression methods, which
are unable to capture spatial variability among study sites. However, land development in watersheds
alters not only the watershed itself, but also various environmental conditions in adjacent streams
(e.g., water temperature, stream channel morphology, and the dynamics of sediments and water).
Land development also affects hydrologic regimes and increases pollutant loads. These factors may
have independent or interacting impacts on aquatic organisms [64]. Furthermore, different regions
vary greatly in their topography (e.g., elevation, slope, soil type, etc.), watershed characteristics
(e.g., size, composition, and distance from main cities), and stream environments (e.g., stream order,
type and width; channel type; sediments; riparian areas). Therefore, it is unreasonable to assume that
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all landscapes, watersheds, and streams are affected in the same way and to the same degree by the
presence of developed land or forests.

Our GWR models for the TDI and IBI strongly suggested a non-stationarity in the influence
of forest in the watershed. Significant differences between the OLS and GWR models for the TDI
and IBI in terms of R2, AIC, and Moran’s I values (Tables 4 and 6) suggested a better performance
of the GWR models for explaining the variance of TDI and IBI in streams. This provides strong
evidence that the effects of forests on the TDI and IBI indicators were non-stationary. Magner et al.
(2008) [62] reported similar results, indicating that land use effects on biological parameters in streams
could vary by location due to the localized geology. In their study on grazed riparian management
and stream channel responses in Southeastern Minnesota streams, they found that land use metrics
had no significant relationship with ordination axes, and they explained that the localized geology
associated with producing stream bed cobbles has a stronger influence on the site than the land uses in
the watershed.

However, as pointed out by Brunsdon et al. [43,44], it is difficult to measure the underlying
mechanisms of spatial variability in the effects of land. Potential contributors to this spatial variability
include differences in watershed characteristics, pollution sources, and degrees of urbanization [4,13].
In addition, variables such as topography, stream environments, and precipitation levels may also play
a role in spatial variability. We tried to include available water quality variables (i.e., BOD, T-N, and
T-P) and topographic variables (elevation and slope) when estimating the OLS and GWR models.

However, the reason for using these models was not to investigate the underlying mechanisms
of the variables used in estimating the models. The OLS model was used to determine the overall
influence of land uses in water environments (i.e., water quality parameters and topographic variables)
on biological indicators, regardless of the location of sampling sites, while the GWR was used to
investigate the spatial variation of land uses on biological indicators. To understand the mechanism of
land use effects on biological indicators, the use of a structural equation modeling (SEM) [65] and path
analysis [66] should be considered. Nevertheless, our GWR models clarify our understanding of the
localized responses of stream organisms to land use. Given the complexity of this system, it is beyond
the scope of the present study to measure all of the factors affecting the spatial variability of the effects
of land use and the underlying mechanism of the pathways that influence them.

5. Conclusions

Many previous studies investigating the relationship between land use and the ecological response
of stream biota have used correlation and regression analyses (OLS), which assume stationarity of the
effects. However, in the present study, we found that the relationship between land use and stream
ecology was spatially variable (i.e., non-stationary). We used OLS models (global) and GWR models
(local) to analyze the effects of contrasting land uses (forest and developed land) on the TDI, KSI,
and IBI indicators, representing the ecological status of benthic diatom, macroinvertebrate, and fish
assemblages, respectively. The performances of these two types of models were then compared based
on R2, AIC, and Moran’s I values. Compared with the OLS models of the TDI and IBI, the GWR models
of the TDI and IBI were better able to reveal details of the effects of particular land use types in specific
locations; however, OLS models may be more useful in other applications. For example, OLS models
may provide an effective means of assessing general trends within larger regions. Furthermore, OLS
models may be more practical for creating environmental policies, while GWR may be more useful for
effectively applying such policies to specific target streams or watersheds.

The effects of land use in watersheds can also vary among stream organisms. R2 and land use
coefficients varied considerably among GWR models for different biological indicators, suggesting
that different biological assemblages respond to different land uses in different ways. Differences in
the sensitivities of biological assemblages to land use may help explain the observed variations in R2

and land use coefficients.
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Although the present study demonstrates the utility of GWR models for understanding
location-specific relationships between land use and stream communities, some critical questions
remain to be answered. In particular, it will be important to investigate the underlying mechanisms of
the impact of forest and developed land on stream biota, as well as for the spatial variability in these
effects. We discuss several potential explanatory factors above; however, these will be challenging to
study if they vary significantly among study sites. Further studies are, therefore, needed to elucidate
more fully the effects of land use on stream biological communities, the reasons for their spatial
variation, and the associated principles that can be derived, to manage the ecological integrity of
streams more intelligently and effectively. It may also be possible to use regression tree analysis [67],
SEM [65], path analysis [66], and non-metric multidimensional scaling [68,69] to explore the underlying
mechanism of land use effects on biological indicators in streams, avoiding spatial autocorrelation
issues, and to support decision-makers in watershed-specific land use management in minimizing the
adverse impacts of land use on ecological communities of streams.
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