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A B S T R A C T   

Arctic charr is one of the fish species most sensitive to climate change but studies on their freshwater habitat 
preferences are limited, especially in the fluvial environment. Machine learning methods offer automatic and 
objective models for ecohydrological processes based on observed data. However, i) the number of ecological 
records is often much smaller than hydrological observations, and ii) ecological measurements over the long- 
term are costly. Consequently, ecohydrological datasets are scarce and imbalanced. To address these prob-
lems, we propose jittered binary genetic programming (JBGP) to detect the most dominant ecohydrological 
parameters affecting the occurrence of Arctic charr across tributaries within the large subarctic Teno River 
catchment, in northernmost Finland and Norway. We quantitatively assessed the accuracy of the proposed model 
and compared its performance with that of classic genetic programming (GP), decision tree (DT) and state-of-the- 
art jittered-DT methods. The JBGP achieves the highest total classification accuracy of 90% and a Heidke skill 
score of 78%, showing its superiority over its counterparts. Our results showed that the dominant factors 
contributing to the presence of Arctic charr in Teno River tributaries include i) a higher density of macro-
invertebrates, ii) a lower percentage of mires in the catchment and iii) a milder stream channel slope.   

1. Introduction 

Climate variability and change will likely have the greatest effects in 
the high north (Tingley and Huybers, 2013; Bring et al., 2016), espe-
cially on northern and Arctic freshwater environments (Lento et al., 
2019; Heino et al., 2020). Species may respond to changes in their 
environment through genetic adaptation, life history modification, and 
plasticity in, for example, distribution and habitat use (e.g., Finstad and 
Hein, 2012; Layton et al., 2021). A keystone species in northern fresh-
waters is the Arctic charr (Salvelinus alpinus L), which has a circumpolar 
distribution (Reist et al., 2006) and extraordinary life history diversity 
(Klemetsen, 2013; Reist et al., 2013). Arctic charr demonstrate an 
exceedingly high variation in habitat use across lacustrine and fluvial 

freshwater habitats and marine environments, with oligotrophic lakes 
being the most common habitats (Klemetsen et al., 2003). Accordingly, 
the selection and use of northern lacustrine habitats have commonly 
been the main subject of habitat investigations. The published works on 
fluvial habitat used by Arctic charr include few studies on the charac-
teristics of rivers supporting anadromous Arctic charr populations (e.g., 
Power and Barton, 1987), or on the fluvial habitat preferences of juve-
nile or stream-resident Arctic charr (Heggenes and Saltveit, 2007, Sin-
natamby et al., 2012, Dubos et al., 2022, Smith et al., 2022). 

Climate change will have a dominant influence on stream tempera-
tures (Isaak et al., 2012), hydrological regimes (Ashraf et al., 2016), 
freshwater food webs (Cameron et al., 2019), water quality (i.e., nitro-
gen and dissolved organic matter; Ritson et al., 2014), and terrestrial 
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vegetation distribution (Ackerly et al., 2015). Climate change-related 
factors will increasingly influence Arctic Charr populations and their 
habitat preferences. To conserve the inherent biodiversity of existing 
populations and their natural habitat, detailed information is needed on 
the habitat use of Arctic charr and on the potential refuge areas which, 
for example, higher groundwater and lower stream temperatures may 
offer. In addition to there being obvious knowledge gaps, existing 
datasets are often limited, both temporally and spatially, ultimately 
requiring novel analytical methods to be used and developed in situa-
tions where data is scarce. 

Machine learning (ML) techniques, such as classification and 
regression trees (CART, Grubb and Bowerman, 1997), artificial neural 
networks (Brosse et al., 1999), fuzzy logic (Muñoz-Mas et al., 2012) 
decision tree (DT, Khatun and Pal, 2021), random forest (Guo et al., 
2019), and support vector machines (Fan et al., 2017), have frequently 
been used by ecologists for pattern recognition and plausible reasoning. 
For example, Park et al. (2006) used neural networks to characterize 
stream fish assemblages in the Adour–Garonne basin and to detect the 
comparative impacts of landscape features on observed patterns. 
Recently, Guo et al. (2019) compared the efficiency of some ML and 
statistical methods, including artificial neural networks, support vector 
machines, CART, random forest, K-nearest neighbors, partial least 
squares, and a generalized linear model, to quantify the relations be-
tween fish communities and water quality indicators in the impounded 
lakes during a water transfer project in China. The authors demonstrated 
a considerable difference in the accuracy of the methods, particularly 
when predicting different labels for the same fish communities. They 
highlighted how a change in water quality associated with water 
diversion has knock-on effects on fish communities and could be 
considered as a good predictor for fish community variations. 

Despite their outstanding computational power, the predictive ac-
curacy of supervised ML methods significantly relies on the size of 
training samples. ML methods can rarely precisely solve the problems 

arising from limited ecological data (Crisci et al., 2012). Also, long-term 
ecological measurements are costly, especially in remote northern re-
gions, and, consequently, ecological datasets are often scarce and 
imbalanced. To tackle these problems, this study introduces a novel ML 
technique that combines data augmentation and resampling techniques 
with a relatively new ML technique, state-of-the-art genetic program-
ming (GP), which is empowered by a classifier root node. Despite the 
promising applications of GP for knowledge discovery around hydro-
logical phenomena (Herath et al., 2021), current literature has produced 
few investigations on the potential use of GP for ecohydrological process 
modeling (e.g., Muttil and Chau 2006; Tung et al., 2009; Sanderson 
2009; Wang et al., 2012). In this study, a new model was developed 
using a dataset extracted through in-situ and remote measurements and 
applied to describe the physical and ecological factors that influence the 
occurrence and utilization of various habitats in the large sub-Arctic 
Teno catchment. 

2. Materials and methods 

2.1. Study area and data 

The subarctic Teno River (Tana in Norwegian, Deatnu in Sami) forms 
the border between northernmost Norway and Finland (70◦ N, 28◦ E), 
and the river drains a catchment area of 16,386 km2 (Fig. 1). The 
topography of the drainage basin is characterized by glacially rounded 
mountains (fells), which commonly reach elevations of 200–500 m 
above sea level (a.s.l.), with the highest peaks reaching ca. 1000 m a.s.l. 
The basin is underlain by Precambrian bedrock, consisting mainly of 
granite, granulite, and various gneisses and schists (Dankers and 
Christensen, 2005). Mean annual temperatures range from ca. 0 ◦C to –3 
◦C, and annual precipitation between ca. 300–500 mm. The mean 
annual discharge is 170 m3/s, with high seasonal variability (e.g., 
snowmelt peak runoff is 1500–3000 m3/sec) (Koster et al., 2005). 

Fig. 1. The Teno River catchment and sampling sites. The ecohydrological features associated with each sampling point are available in Table S1. The numbering of 
points starts from the north and follows the order in Table S1. 
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Mountain birch (Betula pubescens ssp. czerepanovii) forests and alpine 
heaths with shrubs, lichens and mosses are the main vegetation types 
(Oksanen and Virtanen, 1995). Scotch pine (Pinus sylvestris) forests 
occur in some of the valleys. Human distribution in the catchment is 
relatively low (Dankers and Christensen, 2005; Koster et al., 2005). 

>1,100 km of the different branches of the system are accessible to 
anadromous salmonid fish, including the main stem and numerous 
tributaries. The Atlantic salmon (Salmo salar) population of the Teno 
River is among the largest within the distribution range of the species, 
producing large catches, and showing an extremely wide diversity in life 
histories (Erkinaro et al., 2019) and distinct genetic populations (Vähä 
et al., 2017). Atlantic salmon mostly migrate and reproduce in the main 
stem and in larger tributaries, but juvenile salmon may also enter the 
small tributaries, which also support other salmonid fish species, most 
notably, brown trout (Salmo trutta) and Arctic charr (Erkinaro and 
Niemelä, 1995; Erkinaro et al., 2017). The distribution of juvenile 
Atlantic salmon in the small streams is mainly determined by their 
accessibility to the spawning areas of the main stem and larger tribu-
taries, while the occurrence of brown trout is very widespread among 
these streams (Erkinaro et al., 2017). Arctic charr has a patchier distri-
bution compared to other salmonids, and the underlying factors behind 
their habitat choice and the differences between the species are largely 
unknown (Erkinaro, 1995; Erkinaro and Niemelä, 1995; Korpisaari, 
2016). In this study, the focus is on the occurrence of small-sized (appr. 
5–20 cm total length), juvenile, stream-resident Arctic charr in small 
tributaries (mostly<10 km in length, max. 20 km) of the Teno River 
system. 

In total, 40 tributaries/sampling points on the Teno River catchment 
were selected for this study, and several data sets from various physical 
and biological characteristics of these streams were collected (See 
Table S1 for a summary of the features and the associated binomial 
values (Positive label = 1.0 and Negative label = 0.0) representing the 
presence or absence of Arctic Charr at each tributary). First, field data on 
fish species occurrence was collected using electrofishing surveys (e.g., 
Erkinaro et al., 2017). Second, predictor variables were compiled to 
characterize food availability, stream water quality, and catchment 
properties. The food availability variables used were the abundance of 
macroinvertebrates in benthos (spring = BES and fall = BEF) and drift 
(spring = DRS and fall = DRF) samples, both in spring and fall (for 
details of sampling and data, see Kärnä et al., 2015). The acronyms BES 
and BEF denote the number of benthic macroinvertebrates in spring and 
fall. Similarly, DRS and DRF denote the number of drift macro-
invertebrates in spring and fall. Water quality was measured from 
samples collected in connection with invertebrate sampling, and ana-
lyses covered pH, nitrogen (N) concentration and stable isotopes of 
water, focussing on δ18O oxygen and silica (spring and fall samples, OS, 
OF, SS, SF). pH was measured in the field using YSI device model 556 
MPS (YSI Inc., Yellow Springs, OH, USA). Water samples were frozen at 
the Kevo Field Station in Utsjoki and, subsequently, analyzed for total N 
in the laboratory of the Finnish Environment Institute in Oulu following 
Finnish national standards (National Board of Waters and the Environ-
ment, 1981). Oxygen isotope and silica were used to indicate the 
groundwater dependency of the tributaries’ hydrological system (Iso-
kangas et al., 2019). We followed the standard methodologies described 
by Marttila et al. (2021) for water isotope analysis procedures. Catch-
ment data from individual tributaries was based on geospatial datasets, 
namely CORINE Land Cover (CLC) for 2012, digital elevation models 
(DEMs, 10 m resolution), Landsat TM5 satellite images (July 3rd, 2005), 
and Moderate Resolution Imaging Spectroradiometer (MODIS). The 
used Landsat image represented the highest available quality and pro-
cessing level (https://earthexplorer.usgs.gov/). The image was acquired 
from the mid of the growing season and the study area was cloud-free. 
The specific catchment variables used for modeling include lake sur-
face percentage (Lake), mire (peatlands) surface percentage (Mire), 
mean catchment slope (Slope, ◦), the mean of the normalized difference 
vegetation index (NDVI), and normalized difference snow index 

(hereafter, Snow). CLC-based lake and mire percentages were assumed 
to indicate differences in nutrients and dissolved organic carbon (DOC), 
also influencing local hydrology as a storage capacity. The slope variable 
was computed using the DEMs and it was considered to characterize the 
swimming capacity of Arctic Charr, which typically avoid high flow 
velocities and turbulent water (Heggenes and Saltveit, 2007). The 
Landsat-based NDVI variable was used to indicate the availability of 
biomass to the stream, and finally MODIS-based Snow index was used to 
indicate potential cold water leaching during the summer period (July to 
September). 

2.2. Evolutionary model for Arctic charr classification 

We proposed a new jittered binary genetic programming (JBGP) 
model that enables GP to solve classification problems with little data 
and increases its robustness against common overfitting problems using 
a cross-validation approach. The JBGP model uses monolithic GP (Koza, 
1992) leveraged by the sigmoid function as the additional root node 
capable of transforming numerical model output to the binominal values 
of 0.0 and 1.0, which denote the absence or presence of Arctic charr at 
each tributary, respectively. The sigmoid function (Eq. (1)) is a gener-
alization of the logistic regression function that turns a vector of K real 
values into a vector of K real values that sum to 1.0. In this study, we 
consider a data set of 40 streams (i.e., X= (x1, x2, …, xK and K = 40) with 
labels Y= (yi), with yi ∈ {0, 1} indicating a binary classes problem. 

S
(

X→
)

i
=

exi

exi + 1
(1)  

where exi is the standard exponential function applied to each element of 
the input vector. The denominator is the normalization term that allows 
all outputs to be in the range (0,1), indicating a valid probability. 

The initialization of the JBGP classifier starts with collecting the 
required data (explained in the previous section) from different tribu-
taries. The features and label datasets are rescaled in the range of 0.0 to 
1.0 using the well-known min–max normalization method and then 
separated into training (30 streams) and holdout testing (10 streams) 
subsets. Through the jittering process, the number of samples at each 
subset is repeated tenfold so that we have 300 training and 100 unseen 
datasets possessing the same population ratio as the label (0.0 to 1.0). 
Then, the BGP algorithm is applied to train the training dataset and 
evolve initial classification models. The BGP model configuration in-
cludes the determining the rate of evolutionary operations, the 
maximum number of generations, functional set, objective function, and 
additional root node function. To reduce any bias due to the slightly 
random choice of the training samples, the well-known cross-validation 
resampling technique (we adopted the fourfold) is used, and the model 
accuracy is averaged over the folds. Therefore, the uncertainty associ-
ated with random success in classification (i.e., correct predictions by 
chance) is also diminished. 

To determine the most effective features and their impact, we used 
an innovative in-depth evolutionary frequency analysis that modifies 
the GP-based sensitivity analysis approach recommended by Uyumaz 
et al. (2014). We first developed ten different JBGP models using the 
same training and unseen testing datasets. Then, the average impact 
(Iave) for the variable j was defined as the ratio of the sum of the total 
accuracy (TA) of models that include the desired variable j to the mean 
of TA of all the evolved JBGP models (here n = 10 models). 

Iavej =

∑
TAj

1
n

∑10
i=1TAi

(2) 

Additionally, we compared the results of the novel JBGP approach 
with those of BGP, classic DT, and state-of-the-art jittered DT (JDT) 
approaches, as the benchmarks. The BGP (Danandeh Mehr et al., 2017) 
is an emerging ML method that applies monolithic GP to classify the 
results attained via explicit regression models for a given process. DT is a 

A. Danandeh Mehr et al.                                                                                                                                                                                                                      

https://earthexplorer.usgs.gov/


Ecological Indicators 142 (2022) 109203

4

frequently used classification algorithms in practice, and JDT is a hybrid 
DT model that uses DT to classify jittered data. From data-driven 
modeling perspective, there was an issue of a limited dataset (40 
streams). Thus, the BGP and DT models were evolved via a fourfold 
cross-validation (with three repeats) procedure. Accordingly, the 
streams (datasets) were partitioned into four folds, each with ten 
streams, and then, the ML methods were trained and tested so that a 
single fold was used for testing one at a time. The major advantage of 
fourfold cross-validation over traditional modeling is that the former 
uses all datapoints for both training and validation. To develop BGP 
models, we utilized a GP engine, namely GPdotNet (Hrnjica and 
Danandeh Mehr, 2018), in which we used arithmetic operators (i.e., +, -, 
×, /) as the functions set. The BGP models with a maximum tree depth of 
six were improved based on their TA value at training data sets up to 500 
generations. Crossover, mutation, and reproduction rates equal to 0.9, 
0.05, and 0.2 were adopted. Like BGP, TA was considered as the 
objective function for the DT solution attained by RapidMiner ML tool 
(https://rapidminer.com). To quantitatively evaluate the new models’ 
performance, five statistical metrices, including total accuracy (TA), 
precision (PR), recall (RC), Heidke skill score (HSS), and F1 score, were 
used in this study (Table S3). 

3. Results 

3.1. The benchmark models for evaluating the presence of Arctic charr in 
the study rivers 

The best evolved BGP and DT models at each fold are shown in 
Figs. S1 and S2. The associated confusion matrices are also presented in 
Table S2. In general, BGP puts forward more complex structures than 
DT, in which almost all the features contributed to the model (Fig. S1). 
However, DT classifications were limited to using two or three features 
(Fig. S2). To calculate the classification accuracy of these models 
(Table 1), the confusion matrices of each model (see Table S2) were 
utilized. Both BGP and DT have satisfactory performance in the training 
samples, albeit with the accuracy slightly varying at each fold. 
Regarding the testing samples, the models’ performance declined 
significantly. Despite the relatively good classification accuracy of the 
models obtained for Fold 3, they cannot be considered the optimum BGP 
and DT solutions as their accuracy significantly deviates from the 
average values (highlighted rows). Once the mean accuracy is consid-
ered, it can be concluded that BGP is slightly superior to DT, but neither 
is suitable for generalization, particularly due to the small HSS values. 
Such an outcome is not surprising as these models were trained with a 
limited dataset and, therefore, the algorithms fell into a local optimum 
solution, if they are not considered to be overfitted models. 

3.2. Evolutionary model for Arctic charr habitat classification 

To increase the classification accuracy of the BGP and DT ap-
proaches, especially regarding unseen testing samples, the BGP and DT 

algorithms were trained using jittered samples, as explained in Section 
2.2. Fig. 2 demonstrates the best JBGP and JDT models developed for 
Arctic charr classification in the Teno River tributaries. The associated 
accuracy metrices are presented in Table 2. The selected features well 
classified the fish presence in the training phase. Specifically, JDT 
showed higher performance in all the evaluation metrics except PR. 
However, the testing phase results revealed that JDT is an uncertain 
model, particularly when HSS is considered the main performance 
metrics. Despite an adequate true positive rate, the model failed to 
classify the fish presence well (PR = 50 %) in this phase. Overall, the 
JBGP achieves 28 %, 100 %, 76 %, and 29 % higher accuracy than JDT 
in TA, PR, HSS, and F1 scores in detecting Arctic charr in the unseen 
stream samples. 

As illustrated in Fig. 2, the JBGP and JDT models classified the ex-
istence of Arctic charr using different parameters. While JBGP found the 
best solution by evaluating five (i.e., BES, BEF, Lake, OL, and DRF) 
features, JDT implemented only four (i.e., Slope, BES, Mire, and DRF) 
parameters. The models do not use the same parameters in their struc-
ture. For example, the best JDT uses Slope and Mire as the root classifier 
and high-frequent input. For mild tributaries (Slope ≤ 0.054), the in-
crease of peatlands in the catchment negatively affects the Arctic charr 
abundance so that no Arctic charr exist in any tributary with 
Mire>0.819. In steep streams (Slope > 0.054), a higher density of BES 
(>0.082) and DRF (>0.711) may increase the likelihood of presence of 
the fish. In the best JBGP model, Slope and Mire were not selected even 
as the low-frequent indicators. The model reveals that the macro-
invertebrates are the most influential parameters on the absence or 
presence of the fish. DRF and BES are common parameters in both 
models. Table 3 lists the results of 10 JBGP models’ accuracy (i.e., TA 
achieved for the testing datasets) together with the frequency and Iave of 
each feature. The frequency value shows what percentage of the models 
contain the desired input. The Iave that can vary in the range [0, 1] de-
notes the impact of each indicator. 

The best predictors for the increased probability of occurrence of 
Arctic charr in the River Teno tributaries were density of benthic in-
vertebrates (in the fall; BEF = 0.89), followed by the percentage of mires 
in the catchment and slope of the stream (Mire and Slope, both c. 0.8) 
that showed frequencies of 90 % or 80 % and average impacts between 
0.79 and 0.89 (Table 3). After Slope, the next best predictor was the 
percentage of lakes in the catchment (Lake frequency 70 %, average 
impact 0.74). There were seasonal differences in variables that were 
measured both in spring and in the fall: benthic invertebrates and 
invertebrate drift had a higher impact in the fall (BEF) than in spring 
(BEF vs BES; DRF vs DRS), whereas silica and oxygen concentrations in 
spring samples were more important in predicting Arctic charr occur-
rence than those in the fall (SS vs SF; OS vs OF; Table 3). 

Table 1 
Performance results for the binary genetic programming (BGP) and decision tree (DT) models at the train and test stages.  

Model Fold Training Testing 

TA (%) PR (%) RC (%) HSS (%) F1 (%) TA (%) PR (%) RC (%) HSS (%) F1 (%) 

BGP Fold 1  93.3 91.7 91.7  86.1  91.7  60.0 50.0 50.0  16.67  50.0 
Fold 2  96.7 92.3 100  93.1  96.0  50.0 33.0 25.0  − 8.70  28.5 
Fold 3  90.0 100 75.0  78.3  85.7  80.0 75.0 75.0  58.3  75.0 
Fold 4  96.7 100 91.7  93.0  95.6  60.0 100 0.00  0.00  0.00 
mean  95.0 98.1 89.6  89.3  93.2  62.5 64.5 31.3  14.6  34.2 

DT Fold 1  83.3 83.3 76.9  65.7  80.0  60.0 75.0 50.0  23.7  60.0 
Fold 2  80.0 71.4 83.3  59.5  76.9  60.0 0.00 100  0.00  0.00 
Fold 3  86.7 90 75.0  71.5  81.8  70.0 50.0 66. 7  34.8  57.1 
Fold 4  83.3 81.8 75.0  64.8  78.2  30.0 0.75 33.3  20.7  46.1 
Mean  83.33 81.63 77.55  65.38  79.23  55.00 31.44 61.10  19.80  40.80  
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4. Discussion 

4.1. Environmental variables influencing the presence of Arctic charr in 
the Teno River catchment 

The strong preference of Arctic charr for cold water environments 
emphasizes the importance of population responses to increasing air and 
water temperatures (Power, 1990; Hein et al., 2012; Heino et al., 2020; 

Svenning et al., 2021). Climate variability and change in Arctic areas 
will also influence food webs and the suitable food availability for Arctic 
charr at various life stages (Klemetsen et al., 2003). Our results indicated 
that the abundance of benthic invertebrates is an important factor 
influencing the occurrence of Arctic charr in small tributaries of the 
Teno River catchment. Arctic freshwaters are commonly oligotrophic, 
and the harsh environmental conditions limit nutrients, carbon con-
centration, and biodiversity in the north (Lento et al., 2019). Fluvial 

Fig. 2. a) Jittered binary genetic programming (JBGP) and b) jittered decision tree (JDT) models derived for Arctic charr prediction in the Teno River catchment. The 
acronyms BES and BEF denote the number of benthic macroinvertebrates in spring and fall, respectively. DRF denotes the number of drift macroinvertebrates in fall. 
OF represents oxygen water in fall. 

Table 2 
Performance results of the jittered binary genetic programming (JBGP) and jittered decision tree (JDT) models at train and test stages.  

Model Training Testing 

TA (%) PR (%) RC (%) HSS (%) F1 (%) TA (%) PR (%) RC (%) HSS (%) F1 (%) 

JBGP  90.0 100  75.0  78.3  85.7  90.0  100.0 75.0  78.2  85.7 
JDT  93.0 96.0  96.0  86.0  92.0  70.0  50.0 100  44.4  66.67  

Table 3 
The frequency and average impact of each variable indicating its influence on the stochastic jittered binary genetic programming (JBGP) classification model.  

Model TA (%) Lake Mire Slope NDVI pH N OS OF SS SF DRS DRF BES BEF Snow 

1 90 ✔       ✔    ✔ ✔ ✔  
2 90 ✔ ✔ ✔    ✔  ✔    ✔ ✔ ✔ 
3 70  ✔ ✔ ✔  ✔ ✔   ✔  ✔  ✔  
4 90 ✔ ✔ ✔  ✔ ✔ ✔ ✔  ✔    ✔  
5 70 ✔ ✔ ✔  ✔    ✔ ✔ ✔  ✔ ✔ ✔ 
6 80 ✔ ✔   ✔    ✔    ✔ ✔  
7 80 ✔ ✔ ✔ ✔ ✔ ✔ ✔  ✔ ✔ ✔   ✔  
8 70   ✔ ✔     ✔  ✔ ✔  ✔  
9 90 ✔ ✔ ✔     ✔  ✔   ✔   
10 70  ✔ ✔ ✔  ✔ ✔ ✔  ✔  ✔  ✔ ✔ 
Frequency (%) 70 80 80 40 40 40 50 40 50 60 30 40 50 90 30 
Iave 0.74 0.80 0.79 0.36 0.40 0.39 0.50 0.43 0.49 0.59 0.28 0.38 0.53 0.89 0.29  
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biogeochemistry also partly controls the aquatic food webs, including 
resources such as biofilms and invertebrate communities (Lento et al., 
2022). Thus, changes in Arctic biogeochemistry may directly impact 
food web structure and, subsequently Arctic charr populations. 

Our analysis indicated that the presence of mire (peatlands) in the 
catchment might negatively impact the presence of Arctic charr. This 
probably links to the natural production and leaching of DOC from the 
peat deposits in the landscape (Billett et al., 2006). In a very oligotrophic 
Arctic system, the input of DOC may provide energy and increase the 
ecosystem’s productivity (Ferguson et al., 2021). However, higher DOC 
leaching eventually influences water pH levels and brownification 
(visibility), eventually decreasing the productivity and biodiversity of 
fluvial headwaters (Hayden et al., 2019). Thus, peatlands in the Arctic 
landscape might influence both directions in habitat preference condi-
tions depending on their hydrological and biogeochemical activation. 

The slope of the tributary was one of the dominant predictors for the 
presence of Arctic charr. Steeper slopes of small sub-catchments may be 
linked to better food resources, especially drifting invertebrates (Erki-
naro and Erkinaro, 1998), or less competition due to lower fish species 
diversity in the small tributaries occupied by charr (Erkinaro and 
Niemelä, 1995), but as revealed in this study, Arctic charr typically favor 
lower flow velocities and avoids strong currents (Heggenes and Saltveit, 
2007; Sinnatamby et al., 2012; Dubos et al., 2022). In a sympatric sit-
uation with Atlantic salmon and brown trout, Arctic charr occupy 
lacustrine areas and the colder, uppermost parts of tributaries and 
groundwater fed streams (Power, 1973; Klemetsen et al., 2003; Heg-
genes and Saltveit, 2007). Nevertheless, this study indicates that Arctic 
charr can select suitable microhabitats in stream environments with 
relatively steep slopes and fast flows (see also Dubos et al., 2022) where 
increasing abundance of food items was linked with increasing proba-
bility of occurrence of Arctic charr. In addition, the general preference 
for oligotrophic high-altitude lakes by Arctic charr (Klemetsen et al., 
2003; Murdoch and Power, 2013) and the fact that lakes provide a 
relatively stable source of flow to small streams is consistent with the 
explanatory power of the percentage of lakes in catchments shown in 
our results. Accordingly, Arctic charr are selective in their fluvial habitat 
choice (shown in this study and references above), but certain 
geomorphological features alone, such as channel slope, may never-
theless provide a reliable first indication of the presence of Arctic charr 
in small streams. 

Based on our analysis, the groundwater dominance and thus poten-
tial presence of colder water temperatures in the stream was not a major 
predictive factor, even though it was included in the final model. This 
may be because water temperatures in the subarctic Teno River catch-
ment may not yet have been significantly altered by climate change. 
However, freshwater temperatures are predicted to increase across 
Arctic and subarctic areas faster than the global average (Prowse et al., 
2006), and, therefore, thermal refuges may be of increasing importance 
for Arctic charr, even in the northernmost river systems. 

4.2. Potential of jittered binary genetic programming (JBGP) for fish 
abundance studies 

Because BGP and DT rely on various mathematical algorithms, they 
demonstrated different results for the same datasets. This agrees with 
the relevant literature that demonstrated how the accuracy and per-
formance of predictions from different ML techniques could markedly 
vary (Convertino et al., 2014; Guo et al., 2015, 2019). Our results 
highlight how the outcomes from a given model may vary from fold to 
fold, even with higher uncertainties than different models. Undoubt-
edly, more reliable predictions will be achieved when the desired model 
is trained by the samples representing the ecohydrological process as 
closely as possible. Overall, the study demonstrated that JBGP is the 
most accurate model to explain the environmental variables influencing 
the presence of Arctic charr in the Teno River catchment. However, 
given that it is a ML model, the attained level of accuracy may vary by 

change in the sample size. Therefore, specific attention must be devoted 
to data partitioning in future applications of the proposed model. 

It is worth mentioning that no single ML technique is optimal for 
modelling occurrence of fish species. For example, Leclere et al. (2011) 
compared generalized linear models, CART, and boosted regression 
trees (BRT) to model the occurrence of nine fish species from the Seine 
River basin. The authors showed that the BRT was the best technique; 
however, it was “poor” for one species, “good” for seven species and 
“excellent” for one species. In accordance with the HSS index and 
following Leclere et al. (2011), accuracy of the BGP and DT models was 
“poor” (HSS < 0.4) whereas JDT and JBGP was “good” (0.4 < HSS <
0.75) and excellent (HSS > 0.75), respectively. The F1 score confirmed 
these findings. 

5. Conclusion 

In this paper, we proposed JBGP for in-depth learning from limited 
ecohydrological data and identified the most influential variables 
behind the occurrence of Arctic charr in different parts of the subarctic 
Teno River catchment. The proposed model implements hydro- 
morphological datasets, including 15 biotic and abiotic factors, to 
classify the Teno River tributaries into areas conducive to or not to 
supporting populations of Arctic charr. The experimental results 
demonstrated the superiority of JBGP over the benchmark models: bi-
nary genetic programming, decision tree, and jittered decision tree. 
According to the average impact of features, BEF followed by Mire and 
Slope are the most influential variables in the presence of Arctic charr in 
the Teno River catchment. The modeling results indicated that the in-
crease of Mire and Slope along tributaries negatively affects Arctic charr 
abundance. By contrast, higher values of DRF may increase the likeli-
hood of its presence. 

Our JBGP modeling approach offers a potential tool to explore 
datasets that are data limited. In the era of ‘big data’, we are still in a 
limited ecological data situation in many regions. This is due to the lack 
of availability of resources, challenging sampling conditions, or limited 
possibilities to collect spatiotemporal ecological data. Thus, JBGP, as a 
new tool to be used in ecological studies and future studies, could extend 
the range of predictors and ML models used in our study. Regarding the 
model’s performance, the JBGP is believed to be useful not only for 
predicting Arctic charr in the case-study catchment, but also demon-
strating the potential of this approach to address ecological questions in 
other situations where data are limited. 
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Hyöky, V., Klein, E., Kuzmin, A., Korpelainen, P., Kumpula, T., Rauhala, A., 
Kløve, B., 2021. Subarctic catchment water storage and carbon cycling–Leading the 
way for future studies using integrated datasets at Pallas. Finland. Hydrological 
Processes 35 (9), e14350. 
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