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Abstract

In this study, the prediction of pine mistletoe distribution in Scots pine ecosystems was
explored using remote sensing variables to compare the multilayer perceptron (MLP)
artificial neural network (ANN) and logistic regression (LR) model performances. For
this purpose, 109 sample plots were distinguished in pure Scots pine forests (natural)
in the Eastern Black Sea Region of Turkey. Distinguishing mistletoe-infected stands
(69) and uninfected stands (40) was performed with field observations. The variables
acquired from Landsat 8 (Level 1) images were used as independent variables for
independent-sample t-test, MLP ANN and LR models. Remote sensing variables indi-
cated that mistletoe-infected stands were in drier areas with a lower vegetation-leaf
area index. Based on the performance results of both models, the sensitivity (SEN),
specificity (SPE), positive predictive value (PPV), negative predictive value (NPV) and
accuracy of the MLP ANN model were superior to those of the LR model. The predic-
tion percentages (SEN, SPE, PPV and NPV) of mistletoe-infected stands were better
than the prediction percentages of uninfected stands. The prediction accuracies of
LR and MLP ANN models were 74.3% and 89.6%, respectively. However, all remote
sensing variables were included in the prediction equation of the MLP ANN model,
while the thermal infrared 1 (TIRS1) variable was included in the LR model. In the MLP
ANN model, the TIRS1 variable also had the highest normalized importance (100%).
The area under the curve (AUC) value for identifying the mistletoe-infected stands of
Scots pine forests used by the MLP ANN model (0.892 +0.034) was higher than in the
LR model (0.838 +0.039), explaining the more accurate predictions obtained from the
MLP ANN model. The MLP ANN model showed much better performance than the
LR model. The results of this study are expected to make important contributions to

the identification of potential mistletoe-infected areas.
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1 | INTRODUCTION

Undoubtedly, pines are among the most important tree species in
the world, distributed from coastal to mountainous areas and al-
pine areas between the subtropics and subarctic latitudes of the
northern hemisphere (Richardson et al., 2007). Scots pine (Pinus
sylvestris L.) has the widest geographical distribution of all species
in the genus, occurring in large mixed and pure forests, and its tim-
ber is highly valued commercially (Alemdag, 1967). Scots pine is
also a host of European pine mistletoe (Viscum album subsp. aus-
triacum (Wiesb.) Vollm.) within the distribution area (Zuber, 2004).
Dobbertin and Rigling (2006) reported that the mortality rate of
mistletoe-infected pine was more than double that of uninfected
trees, and mistletoe-containing trees were among the most
stressed individuals.

Pine mistletoe renders affected trees more susceptible to
drought stress, increasing needle losses and the risk of drought-
related mortality (Rigling et al., 2010). Mistletoe infestation does
not rapidly result in tree mortality; the infections in a host amplify
the effects of drought and greatly reduce the capacity to absorb
carbon in xeric conditions (Zweifel et al., 2012). Moreover, trees se-
verely infected with mistletoe are more susceptible to attacks by
other damaging agents, such as insects or decay fungi, which often
cause further decline of the mistletoe-infected tree (Hawksworth
& Wiens, 1996). The pathological effects of mistletoe vary consid-
erably, depending on their capacity to obtain water, minerals and
carbon from their hosts (Ehleringer & Schulze, 1985). As with other
pathogenic agents, the effects of mistletoe are highly influenced by
the habitat conditions in which the hosts grow and the size, age and
density of infected plants (Knutson, 1983).

Globally, forest health is threatened by climate change, increas-
ing pollution, pest and pathogen activities, many of which are asso-
ciated with varied human activities. Assessment and monitoring of
forest health play a critical role in sustainable forest management.
Considering that threats to forest healthy are increasing globally
(Lausch et al., 2016), the ability to detect ecosystem deteriora-
tion due to biotic, abiotic and anthropogenic factors is extremely
important.

Remote sensing systems provide rapid, spatially defined and
practical paths to monitor and assess ecosystem health in compar-
ison with field studies. In determining and monitoring stress in the
ecosystem, spectral (multiple, hyper) sensors are valuable in detect-
ing information outside the visible spectrum, allowing for the pre-
diction of plant biochemical characteristics, such as leaf pigment
contents and canopy water content (Stone & Mohammed, 2017).
Remote sensing images offer a spatially objective approach and are
often more economical and effective than fieldwork processes ap-
plied on a large scale. Thus, remote sensing images provide more
convenient information for assessing and monitoring environmental
conditions related to the biophysical and biochemical characteris-
tics of plant species at a landscape scale (He et al., 2019; Stone &
Mohammed, 2017; Zhang et al., 2019).

In predictive studies, logistic regression is a widely used sta-
tistical modelling technique that expresses the probability of an
outcome occurring based on many potential predictors. However, lo-
gistic regression models have some limitations and statistically more
standardized training for the development of the model, and they
cannot determine all probable relationships between independent
attributes. In comparison with the logistic regression techniques,
artificial neural networks can overcome some of these restrictions
(Shahmoradi et al., 2018).

The aim of the work described here was to establish an artificial
neural network (ANN) and logistic regression model to predict the
incidence of pine mistletoe infections using remote sensing images.
In the structure of the ANN model, various configurations were eval-
uated and the model's overall performance improved by altering the
number of hidden layers and neurons to obtain a suitable model for
pine mistletoe infection. During the selection of the remote sensing
images evaluated in the work, the dry season where the field studies
were carried out was considered.

2 | MATERIAL AND METHODS
2.1 | Studyarea

The study area was located between 38°53'-39°56'E longitudes
and 39°50'-40°45'N latitudes within the boundaries of Giimiishane
province in north-eastern Turkey (Figure 1). The study was per-
formed in pure Scots pine forests on a total area of 5718.8 km?. The
altitude in the study area was between 1003 and 2228 m.

The location of the study area, due to the Turkish Black Sea
mountains running parallel to the coast, cannot gain from the humid
and rainy climate of the coast itself. The humid and rainy air masses
of the Black Sea coast, which are carried inland along the Harsit and
Kelkit Streams in the region close to the Torul district of Giimlshane,
only partially affect the study area.

The annual average temperature in the study area is 9.7°C, and
total annual precipitation is 462.1mm (Table 1). In the study area,
together with Scots pine (Pinus sylvestris L.), Nordmann fir (Abies
nordmandiana), Oak (Quercus spp.) and Juniper (Juniperus spp.) are
also distributed (Usta & Yilmaz, 2021).

2.2 | Dataset

Circular sampling points of 1000 m?, based ona 2x2 km grid system,
were established in the study area. Open space areas and Scots pine
with a diameter at breast height <20cm were not sampled (Bilgili
et al., 2020). Mistletoe-infected and uninfected trees were recorded
in the field.

Landsat-8 (Level 1) obtained from the United States Geological
Survey (USGS) Earth Explorer (USGS, 2018) was used for the work.
The dates of remote sensing images used were selected as 14 June
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FIGURE 1 Location of the study area

2014, as the fieldwork was carried out between 2012 and 2014.
The remote sensing variables derived from Landsat images were:
enhanced vegetation index (EVI), soil-adjusted vegetation index
(SAVI), transformed soil-adjusted vegetation index (TSAVI), normal-
ized difference moisture index (NDMI), modification of normalized
difference water index (MNDWI), moisture stress index (MSl), soil
moisture index (SMI), thermal infrared 1 (TIRS1), thermal infrared 2
(TIRS2), normalized difference vegetation index (NDVI), short-wave
infrared 1 (SWIR1) and short-wave infrared 2 (SWIR2) (Table 2;
Figure 2).

Remote sensing input variables were calculated, according to the
USGS (2017), as shown in Table 2. SWIR1, SWIR2, TIRS1 and TIRS2
variables consist of 6, 7, 10 and 11 bands of Landsat-8, without the
calculation, respectively. The formulae used were:

(Band 5 — Band 4)

1
(Band 5 + 6.0 x Band 4 — 7.5 x Band 2 + 1.0) )

EVI=25x

Band 5 — Band 4 %15 2)

SAVI= 5and5 —Band4 505 < &

- Low : 374

a(Band 5 — aBand 4 — b)
Band 4 + a(Band 5 — a) + 0.08(1 + a2)

TSAVI =

where a: the slope (the soil line), b: y-intercept a (Baret et al., 1989).

Band 5 — Band 6

NDM| = 22025~ Bance )
MNDWH:EE%%E%%%% (5)
e
NDVh:EE%E;i{EE%% (7)
SMh=TEE§%LL 8)

smax smin
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TABLE 1 Gumushane meteorology station (TSMS, 2020) climate data
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| 1l 1l \% \' Vi \l VIl IX X Xl Xl Annual
Climate parameters Measurement period (1961-2019)
Temperature, °C -1.7 -04 3.8 9.4 13.7 17.2 20.2 20.3 16.7 11.4 5.1 0.5 9.7
Max. temperature, °C 2.8 5.0 9.8 161 21.0 249 281 288 253 186 105 47 16.3
Min. temperature, °C -5.6 -5.0 -1.1 3.7 7.6 10.6 13.7 13.8 10.0 5.8 0.7 -3.1 4.3
Sunshine duration (h) 1.3 3.7 5.0 6.0 7.4 9.0 100 9.7 7.9 54 2.2 0.8 68.4
Number of rainy days 11.0 10.7 12.6 13.8 15.6 10.3 4.0 3.6 5.4 9.5 10.1 11.5 118.1
Monthly total precipitation (mm) 36.2 323 43,5 604 68.2 468 121 129 217 451 419 410 4621
Input variables (12) Acronym Data TABLE 2 Remc.>te. sensing. variables
used for the prediction of mistletoe

Enhanced vegetation index? EVI Band 2,4, 5 infection
Soil-adjusted vegetation index® SAVI Band 4, 5
Transformed soil-adjusted vegetation index® TSAVI Band 4, 5
Normalized difference moisture index” NDMI Band 5, 6
Modification of normalized difference water index® MNDWI Band 3, 6
Moisture stress index? MSI Band 5, 6
Soil moisture index” SMI Band 4, 5, 10, 11
Thermal infrared 1° TIRS1 Band 10
Thermal infrared 2° TIRS2 Band 11
Short-wave infrared 1° SWIR1 Band 6
Short-wave infrared 2° SWIR2 Band 7
Normalized difference vegetation index® NDVI Band 4, 5

*These variable limits soil moisture loss.

PThis variable is linked to surface water.

This variable is linked to the soil moisture evaporation.

where T, is the maximum surface temperature for normalized dif- 2.4 | Logistic regression model (LR)

ference vegetation index (NDVI), and T, is the minimum surface tem-

perature for NDVI.

2.3 | Artificial neural network analysis (ANN)

Artificial neural network is an information processing technology
inspired by biological nervous systems (Usta et al., 2018). ANN also
generates nerve cells related to each other, as in biological neural
networks. In a prediction issue that can be solved by ANN and is
based on a cause-and-effect relationship, inputs are generally inde-
pendent variables or variables, and the output is the dependent vari-

able. The stated functional relationship can be written as:
y = f(X1:X2vX3v Xk)

In the functional relationship, k is the independent variable, and y is
the dependent variable. For this reason, ANN can be considered a
non-linear regression model. The type of ANN most used in predic-
tions is the Multilayer Perceptron (MLP). MLP has an input layer, out-
put layer, and a feed-forward structure, which is usually composed
of one and sometimes two or more layers between these two layers
(Figure 3; Hamzacebi, 2011).

In this study, the LR model was built using the binary response vari-
able (1: Mistletoe-infected; O: Uninfected stands) and some explana-
tory variables. LR models are formulated as follows,

+ BiXi)
+ BiX:)

exp(Bo + A1Xy + B Xy + ...
1+exp(fo + B Xy + BoXo + ...

p=EY)=

where p is the possibility of mistletoe infection; E (Y) is the expected
value of the binary dependent variable Y; 4, is the constant to be es-
timated, g, is the estimated coefficient of the independent variable X;
(Schneider & Pontius, 2001). In this work, statistical analyses were car-

ried out using SPSS version 26.0.

3 | RESULTS

3.1 | Independent-samples t-test

There were significant differences between mistletoe-infected and
uninfected stands for remote sensing variables (Table 2). These vari-
ables were normally distributed based on Skewness and Kurtosis
values.
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FIGURE 2 Images of remote sensing variables for Glimiishane province.

With the exceptions of the variables SAVI, EVI, NDVI, MNDWI
and SMI, all mean values of the variables MSI, SWIR1, SWIR2, TSAVI,
TIRS1, TIRS2 and NDMI were significantly different in mistletoe-
infected and uninfected stands (p <.01 and p <.05) (Table 3).

3.2 | Logistic regression analyses

Binary LR analysis was used to examine whether mistletoe infec-
tion could be predicted by remote sensing variables. LR analysis and

a single regression model were determined for mistletoe infection.
The results of the LR model (Step 1) showed that the probability of
mistletoe infection could be estimated using a remote sensing vari-
able, such as TIRS1 (Wald = 23.167, df = 1) (Table 4).

3.3 | MLP artificial neural networks analyses

Two hidden layers were preferred for the prediction of mistletoe in-
fection with MLP ANN using remote sensing variables (MSI, SWIR1,
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TABLE 3 Results of independent-sample t-tests and normality test

Variables Infection N Mean SE
MSI Absence 40 0.75 0.02
Presence 69 0.81 0.02
SWIR1 Absence 40 11,843.05 342.64
Presence 69 13,413.62 266.04
SWIR2 Absence 40 8935.26 253.10
Presence 69 10,198.29 231.25
SAVI Absence 40 0.51 0.02
Presence 69 0.48 0.02
TSAVI Absence 40 3932.94 68.90
Presence 69 4219.05 52.88
EVI Absence 40 0.16 0.01
Presence 69 0.15 0.01
TIRS1 Absence 40 25,299.78 157.99
Presence 69 26,951.42 161.57
TIRS2 Absence 40 23,407.10 124.06
Presence 69 24,664.17 122.45
NDMI Absence 40 0.15 0.01
Presence 69 0.11 0.01
NDVI Absence 40 0.34 0.01
Presence 69 0.32 0.01
MNDWI Absence 40 -0.30 0.01
Presence 69 -0.29 0.01
SMI Absence 40 0.81 0.01
Presence 69 0.80 0.01

SWIR2, SAVI, TSAVI, EVI, TIRS1, TIRS2, NDMI, NDVI, MNDWI
and SMI). Figure 4 shows the structure of the MLP artificial neu-
ral network model. In the model, a standardized rescaling method
for covariates was used. The number of neurons in the hidden lay-
ers was three units in hidden layer 1 and two units in hidden layer
2. Activation functions of both the hidden and output layers were

Output Layer

FIGURE 3 Architecture of an MLP

ANN
> ok
m
Ok = Bz + M/jk . Y]
Jj=1
Mean

Sig. (2-tailed) difference SE difference = Skewness Kurtosis
0.028 -0.06 0.03 0.474 0.254
0.000 -1570.57 436.09 0.567 0.790
0.001 -1263.03 359.86 0.842 0.669
0.280 0.03 0.03 0.143 0.007
0.001 -286.11 87.04 0.457 0.398
0.509 0.01 0.01 0.712 0.316
0.000 -1651.63 244.09 0.389 -0.545
0.000 -1257.08 186.62 0.332 -0.611
0.032 0.04 0.02 -0.064 -0.297
0.280 0.02 0.02 0.143 0.007
0.598 -0.01 0.01 -0.310 0.094
0.220 0.01 0.01 -0.229 0.423

‘Sigmoid’. Case processing and model summaries in MLP ANN mod-
elling are given in Table 5.

Figure 5 shows box plots of predicted pseudo-probabilities for
training and testing samples. For the dependent variable ‘mistletoe
infection’, the box plots classify the estimated pseudo-probabilities
using the whole dataset (mistletoe-infected and uninfected stands).
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TABLE 4 Results of binary logistic
regression analysis
Step 1 TIRS1

Constant

Variables
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B SE Wald df Sig. Exp (B)

0.001 0.000 23.167 1 0.000 1.001
-30.964 6.492 22.750 1 0.000 0.000

PRE=1

Synaptic Weight > 0
ABS=0 we Synaptic Weight = 0
—— Synaptic Weight < 0

FIGURE 4 Structure of the MLP ANN model for prediction of mistletoe infection.

TABLE 5 Summary statistics for MLP ANN model

Case processing

summary Model summary
Sum of
N Percent squares error Relative error
Training 61 56.0 7.263 0.148
Testing 48 44.0 5.335 0.104

The leftmost and next boxplots in Figure 5 display cases that
have observed stands without mistletoe infections, the predicted
pseudo-probability of uninfected stands and mistletoe-infected
stands, respectively. The third and fourth boxplots display cases
from mistletoe-infected stands, the predicted pseudo-probability of
uninfected stands and mistletoe-infected stands, respectively. For
each box plot, the number above 0.5 displays correct predictions,
and the number below the 0.5 mark displays incorrect predictions.
The predicted pseudo-probability of mistletoe-infected
stands gave better results than mistletoe-uninfected stands
(Figure 5). In the observed mistletoe-infected stands, the predicted

pseudo-probability of mistletoe-infected stands was close to 1.0
(0.9907). However, for the observed uninfected stands, the pre-
dicted pseudo-probability was 0.7124.

During training for the MLP ANN model, the weight propor-
tion of TIRS1, TIRS2, MNDW!I and SMI had much larger impacts
than other variables in the input layer and were significant among
all independent variables for predicting mistletoe infection; their
normalized importance levels were 100%, 85.6%, 52.0% and 51.3%,
respectively (Figure 6).

3.4 | Comparisons between MLP ANN and
LR models

The evaluation criteria of the MLP ANN and LR models are shown
in Table 6. There were obvious differences between the two models
relating to SPE, SEN, NPV, PPV, accuracy and AUC. The prediction
accuracies of the LR and MLP ANN models were 74.3% and 89.6%,
respectively (Table 6). However, all remote sensing variables were
included in the prediction equation of the MLP ANN model, while
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FIGURE 5 Predicted-by-observed
1,0 M Absence 9907 chart for absence-presence of mistletoe
M Presence infection.

% 0,8
o 07124
(=]
1
& 06 e e
°© o
>
@ .
o 04 ° °
b=
]
o 0,2803
©
® 02
o

0,0

Absence Presence
Mistletoe Infection
Normalized Importance FIGURE 6 Importance of variables for
0% 20% 40% 60% 30% 100% predicting mistletoe infection in an MLP

TIRS2

MNDWI ]
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TSAVI
SWIR2

NDVI

0,00 0,05 0,10 0,15 0,20
Importance
SEN PPV NPV Accurac TABLE 6 Comparison of performances
u Y .
Variable %) SPE(%) (%) (%) %) AUC resul.ts for the ANN anc! LR m.odels in the
prediction of mistletoe infection

ANNs model 90.63 87.50 93.55 82.35 89.6 0.892 +0.034
LR model 78.87 65.79 81.20 62.50 74.3 0.838 +0.039

only the TIRS1 variable was included in the prediction equation of
the LR model (Figure 6; Table 4). In the MLP ANN model, the TIRS1
variable was also the most important variable (Figure 6).

Figure 7 displays the ROC curve acquired from the LR and
MLP ANN models generated by the test data set. The area under
the ROC curve (AUC) value for identifying mistletoe infection
was 0.892+0.034 when the MLP ANN model was used, demon-
strating that the MLP ANN model was superior to the LR model
(0.838+0.039) in the overall performance of the prediction.

4 | DISCUSSION
4.1 | Independent-samples t-test

Independent-samples t-test results, except for SAVI, EVI, NDVI,
MNDW!I and SMl variables, showed significant differences between
mistletoe-infected and uninfected stands for the MSI (p <.05),
SWIR1 (p <.01), SWIR2 (p <.01), TSAVI (p <.01), TIRS1 (p <.01),
TIRS2 (p <.01) and NDMI (p <.05) variables (Table 2). Means of
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FIGURE 7 Receiver operating

90f 12
Forest Pathology &&: AV | ]_EYJL

ROC Curve

chara?terlstlc.(ROC? curvc.e for predicting — Source of the
the mistletoe infection using LR and ANNs . Curve
models. J
{ — LR Model
08 : ) — ANNs Model
—Reference Line
& 06
=
‘»
c
@
» 04 /
02 /
00
00 0, 04 06 038 1.0

mistletoe-infected (Presence) stands for remote sensing variables
were higher than uninfected (Absence) stands, except for NDMI.
The MSI index is used to assess leaf water content. Higher val-
ues indicate dry ecosystems (more water stress) and lower values
indicate moist and healthy ecosystems (Markov, 2018). In this study,
mistletoe-infected stands had higher MSI values than uninfected
stands, suggesting that the mistletoe-infected stands were in drier
areas than the uninfected stands. When evaluated according to leaf
water content, this effect can be explained by water deficit because
of the mistletoes in infected stands. Although mistletoe infestation
does not directly cause tree mortality, its long-term presence in-
creases the impact of drought (Zweifel et al., 2012). Similarly, the
SWIR1, SWIR2 and TSAVI variables support this conclusion. Thus,
thereis a negative correlation between SWIR and leaf water content.
An increase in SWIR values means a decrease in leaf water content.
These results are compatible with previous studies that indicated
strong absorption of water in SWIR (Fensholt et al., 2010; Galvao
et al., 2012). In addition, SAVI, and especially TSAVI compared to
NDVI were more accurate in differentiating vegetation cover and
bare soil due to the independence of the sensor used (Bannari
etal., 1995). However, NDVI and SAVI gave similar results: there was
no significant difference (independent t-test). These variables were
represented by lower values in mistletoe-infected stands. TSAVI
(Baret et al., 1989), a soil-adjusted vegetation index, would also be
expected to show similar results to SAVI and NDVI (Table 3). Zhang
et al. (2005) reported a negative correlation between LAl (Leaf area
index) and TSAVI, as well as a positive correlation between TSAVI
and proportion of bare ground. In this study, it was interesting that
the average TSAVI in mistletoe-infected stands was higher than in

uninfected stands.

1 - Specificity

Thermal infrared sensors (TIRS1 and TIRS2) provide import-
ant information on surface temperature. These sensors can also
be used for drought research, providing predictions of soil mois-
ture (Ceccato et al., 2001). Average TIRS1 and TIRS2 in mistletoe-
infected stands were higher than in uninfected stands (Table 3).
Numerous scientific studies have demonstrated the important
potential of TIRS data to explain plant biophysical and biochemical
characteristics (Buitrago et al., 2016). For instance, the primary
absorption feature linked with leaf water content can be shown
in the thermal infrared and short-wave regions of the light spec-
trum (Fabre et al., 2011). Moreover, multiple studies have reported
that TIRS data have important potential to define plant disease
before the plants show visual stress symptoms (Moller et al., 2007;
Ni et al., 2015). Plant functions, such as evapotranspiration, are
controlled by stomatal conductivity and are related to surface
temperature (Kim et al., 2016). Therefore, changes in these pro-
cesses will lead to alterations in the air and the surface tempera-
ture of leaves (Gersony et al., 2016; Vanderhoof et al., 2013). In
addition, plant physiological studies indicated that a decrease in
leaf water content breaks stomatal conductance and causes an in-
crease in leaf surface temperature (Pierce et al., 1990; Schulze &
Hall, 1982). The results obtained here from NDMI also supported
the TIRS results. NDMI has been assessed to predict the moisture
contents of sites such as rocks, soils and vegetation, and shown
to be valuable in the prediction of ecological and environmental
exposures (Nguyen et al., 2016). A high moisture ratio shown by
NDMI values >0.1 and values near -1 indicates a low moisture
level. The average NDMI in mistletoe-infected stands was signifi-
cantly lower than in uninfected stands, indicating that mistletoe-

infected stands are drier.
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Based on the other vegetation indices (SAVI, EVI, NDVI), the
vegetation ratio of the mistletoe-infected stands was not signifi-
cantly different between infected and uninfected stands. Mistletoe-
infected stands and uninfected stands were similar in terms of the
variable MNDWI and SMI. With the MNDWI, water bodies (such
as rivers or lakes) have positive values, and vegetation and soil are
generally linked to zero or negative values (McFeeters, 1996). The
SMl variable ratio is between 0 and 1 and indicates the relative soil
moisture within the site with O being the lowest soil moisture and 1
being the highest on a specific day (Tajudin et al., 2021).

Overall, the remote sensing variables showed that mistletoe-
infected stands were drier areas with a lower leaf area index.

4.2 | Comparisons between MLP ANN and
LR models

In this study, all remote sensing variables were used for the predic-
tion of both models. In the prediction equations of models, all vari-
ables (MSI, SWIR1, SWIR2, SAVI, TSAVI, EVI, TIRS1, TIRS2, NDMI,
NDVI, MNDWI and SMI) were included in the MLP ANN model,
while only TIRS1, which shows surface temperature was included in
the LR model. In the LR model, TIRS1 was significantly positively cor-
related with the prediction of mistletoe-infected stands. Similarly,
according to the importance of variables for predicting mistletoe in-
fection in an MLP ANN model, TIRS1 (100%) was of the highest im-
portance, followed by TIRS2, MNDW!I, SMI, EVI, SAVI, MSI, SWIR1,
NDMI, TSAVI, SWIR2 and NDVI, respectively (Figure 5).

The predicted pseudo-probability of a stand being mistletoe-
infected gave better results than mistletoe-uninfected stands in
Scots pine forests (Figure 4). For stands observed to have mistletoe-
infected stands, the predicted pseudo-probability of mistletoe-
infected stands was 0.9907. Moreover, for the stands observed
to be uninfected, the predicted pseudo-probability of uninfected
stands was 0.7124. This difference indicates that the prediction
of mistletoe-infected stands in the MLP ANN model more reliable
than prediction in uninfected stands. It can also be an indication that
some of the uninfected stands may still potentially be infected by
mistletoe.

According to the performance results for both models, the SEN,
SPE, PPV, NPV and accuracy of the MLP ANN model were supe-
rior to the LR model. Sensitivity (SEN) and specificity (SPE) are
the probabilities that the model will correctly classify a presence
(mistletoe-infected stands) and an absence (uninfected stands), re-
spectively (Mouton et al., 2010). PPV and NPV are the percentage
of mistletoe-infected stands and uninfected stands, respectively
(Zhang et al., 2019). In this work, when the SEN, SPE, PPV and NPV
performance analyses were evaluated, the MLP ANN model was su-
perior to the LR model. At the same time, the prediction percentages
of mistletoe-infected stands were better than the prediction per-
centages of uninfected stands. The predicted pseudo-probability of
the mistletoe-infected-uninfected stands graph (Figure 4) supports
this conclusion.

The AUC value for identifying mistletoe-infected Scots pine for-
ests by the MLP ANN model (0.892+0.034) was higher than pro-
duced by the LR model (0.838 +0.039), explaining the more accurate
prediction of the MLP ANNs model (Table 6, Figure 6). However,
all variables were included in the MLP ANN model, while only one
variable was entered into the LR model. The accuracy of the LR
model including only one variable was 74.3%. The accuracy of the
MLP ANN model was 89.6%. The fact that the estimation generated
by the LR was poorer than that of the MLP ANN can be explained
by the fact that the LR model requires a larger amount of data
(Besalatpour et al., 2013). Also, the LR analysis should have little or
no multicollinearity among the independent variables, with no high
correlation among the independent variables used in the LR analy-
sis (Park, 2013). Therefore, certain variables, such as TIRS1, TIRS2,
SWIR1 and SWIR2, used as independent variables in the LR model,
may show strong relationships that can result in multicollinearity.

This study developed methods for the prediction of the pine
mistletoe distribution in Scots pine ecosystems using remote sens-
ing variables to compare the performances of MLP ANN- and LR-
derived models. In the study, variables acquired from Landsat 8
(Level 1) image were the independent variables for the independent-
samples t-test, MLP ANN and LR models. Remote sensing variables
indicated the mistletoe-infected stands were drier areas with a
lower vegetation-leaf area index. Performance results (SEN, SPE,
PPV, NPV and accuracy) of the MLP ANN model were superior to
the LR model. The prediction percentages (SEN, SPE, PPV and NPV)
of mistletoe-infected stands were better than in uninfected stands.
The prediction accuracies of LR and MLP ANN models were 74.3%
and 89.6%, respectively. The MLP ANN model included all remote
sensing variables, while the LR model used only TIRS1. The AUC
value for identifying the mistletoe-infected stands in Scots pine for-
ests used by the MLP ANN model (0.892 +0.034) was higher than
in the LR model (0.838 +0.039). Generally, it can be said that the
MLP ANN model performed better than the LR model. However, the
74.3% accuracy provided by TIRS1 in the LR model is also important
in assessing this work. The results of this study provide important
contributions to the determination of the potential susceptibility of

pine forests to mistletoe-infected forests.
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