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Abstract

Acquiring a comprehensive and accurate understanding of habitat preference is essential for species conservation
and fishery management, especially for mobile species that migrate seasonally. Presence and absence data from
field  surveys  are  recommended  when  available  due  to  their  high  reliability.  Using  field  survey  data,  we
investigated seasonal habitat suitability requirements for Tanaka’s snailfish (Liparis tanakae) in the Bohai Sea
and Yellow Sea (BSYS) via a machine-learning method, random forests (RFs). Five environmental and biologically
relevant variables (bottom temperature, bottom salinity, current velocity, depth and distance to shore) were used
to build the ecological niches between the presence/absence data and suitable habitat. In addition, the degree to
which  false  absence  data  might  impact  model  performance  was  evaluated.  Our  results  indicated  that  RFs
provided accurate predictions, with seasonal habitat suitability maps of L. tanakae differing substantially. Bottom
temperature and salinity were identified as important factors influencing the distribution of L. tanakae. False
absence data were found to have negative effects on model performance and the decrease in evaluation metrics
was usually significant (P<0.05) after 30% or more errors were added to the absence data. Through identifying
highly suitable areas within its geographic range, our study provides a baseline for L. tanakae that can be further
applied in ecosystem modelling and fishery management in the BSYS.
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1  Introduction
Acquiring a comprehensive and accurate understanding of

habitat preference is essential for species conservation and fish-
ery management (Beck et al., 2020; Tanaka et al., 2020). As a ba-
sic characteristic, patterning in spatial distribution aids interpret-
ation of intra/inter-specific population dynamics. Through es-
tablishing relationships between spatial distribution and envir-
onmental variables, a habitat suitability index has been widely
applied to assess habitat quality and to predict potential effects
caused by human activities and climate change on commercially
and ecologically important species (Lauria et al., 2015; Wisz et al.,
2015; Phillips et al., 2017). A wide range of modelling techniques
has been developed to deal with this issue including regression,

classification, and machine-learning methods (Barbet-Massin et
al., 2012). These modelling techniques statistically link the spe-
cies observation data with environmental variables at different
temporal and spatial scales. Among them, machine-learning
methods such as the random forests (RFs) and generalized
boosting models (GBMs) are popular due to their ease of imple-
mentation and superior model performance (Elith et al., 2008;
Marx and Quillfeldt, 2018; Sarquis et al., 2018). Most species dis-
tribution models (SDMs) require both presence and absence
data to map species distributions, as there are only a few pres-
ence-only models such as the bioclimatic envelope model (Hao
et al., 2019). Although large-scale field surveys can be expensive,
they provide a reliable and practical way to obtain accurate data
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about species distributions, inclusive of species absence data.
When using the statistical algorithms, absence data (true ab-
sence or pseudo-absence) facilitates identification of favorable
conditions as opposed to relying solely on presence data (Bro-
tons et al., 2004). Absence data obtained from field surveys may
provide more information than just lack of habitat suitability. Al-
though it is common that species absence can be caused by unfa-
vorable environmental conditions, it can also arise from local-
ized species extinctions, fragmentation of suitable patches of
habitat, and reduced catchability of the target species (Gibson et
al., 2007; Lobo et al., 2010; Chen et al., 2021). Nevertheless, false
absence data can introduce substantial bias to SDMs, leading to
poor performance when fitting models (Gibson et al., 2007).
Therefore, it is necessary to evaluate the degree to which false ab-
sence data can impact the accuracy of habitat suitability assess-
ments.

The Bohai Sea and Yellow Sea (BSYS) form a traditional fish-
ing zone in China, serving as a vital spawning, nursing, feeding
and over-wintering ground for numerous commercial marine
species, e.g., small yellow croaker (Larimichthys polyactis), Ja-
panese Spanish mackerel (Scomberomorus niphonius) and Pa-
cific cod (Gadus macrocephalus) (Jin and Tang, 1996; Chen et al.,
2018). Water circulation in the BSYS features longshore currents,
the Yellow Sea Cold Water Mass (YSCWM) and the Yellow Sea
Warm Current (YSWC), among which YSWC characterized by
higher temperature and salinity is the only source of flow into the
BSYS from the open sea (Wang and Liu, 2009; Zhong et al., 2018).
This special hydrological condition makes faunal characteristics
of fishery resources in this region unique. Most species live with-
in the BSYS for all their life history stages, with regular seasonal
movements forming relatively independent and diverse geo-
graphical populations.

Rapid development of marine ecosystem modelling in recent
years has created an urgent and challenging demand for inform-
ation about temporal and spatial distributions of commercially
and ecologically important species at high resolution (Fu et al.,
2017). Importantly, most species in the BSYS belong to migratory
species and their distribution characteristics vary seasonally.
Poor understanding of the temporal and spatial ecology of these
species may cause sizeable discrepancies among results from dif-
ferent approaches to ecosystem modelling of the BSYS. There-
fore, it is necessary to precisely delineate spatial distribution pat-
terns and their temporal variations to identify the environmental
factors driving the population dynamics.

Tanaka’s snailfish (Liparis tanakae) is a cold-temperate spe-
cies widely distributed in the Northwest Pacific including the Yel-
low Sea, Bohai Sea, East China Sea, Sea of Japan and Sea of Ok-
hotsk (Jin et al., 2003; Tomiyama et al., 2013a). Characterized by
seasonal migration, Tanaka’s snailfish prefers to inhabit muddy
bottom substrates at water depths of 50−90 m (Zhou et al., 2012).
Over several decades, L. tanakae has become one of the top
predators in the Yellow Sea ecosystem due to the dual impacts of
environmental changes and fishing activities (Chen et al., 2018).
Currently, studies of L. tanakae mainly concentrate on relative
stock density, biological and reproductive characteristics, feed-
ing ecology and helminth parasites (Jin et al., 2010; Guo et al.,
2014; Park et al., 2017; Chen et al., 2018), whereas the distribu-
tion patterns and potential relationship with environment for this
species are still unclear. Despite having no commercial value
(Chernova et al., 2004), it is necessary to study the seasonal mi-
gration pattern of L. tanakae and the key ecological traits which
may affect its distribution, considering its high ecological value

and the vital role it plays in the BSYS ecosystem.
In this present work, we aimed at (1) assessing seasonal hab-

itat suitability for L. tanakae in terms of the main environmental
variables in the BSYS; and (2) evaluating the potential impact
that sampling bias might have on the performance of SDMs us-
ing presence/absence data from fishery-independent surveys.
Our study provides insights illustrating the relationship between
species biogeography and environment of L. tanakae and assists
in providing a scientific basis and guidance for further ecosystem
studies.

2  Materials and methods

2.1  Study area and data collection
The BSYS are marginal seas located in the western Pacific

Ocean with a total area of 460 000 km2 (Fig. 1). Presence/absence
data of L. tanakae were collected by seasonal fishery-independ-
ent surveys conducted by the Yellow Sea Fisheries Research In-
stitute, Chinese Academy of Fishery Sciences using the R/V
Beidou in 2016. Parameters of the fishing gear were as follows: a
net of circumference 836 mesh×12 cm, and a 10 cm mesh-size
cod-end with a 2.4 cm mesh-size liner thereafter. The duration of
each trawl shot varied between 0.5 h and 1 h at an average haul-
ing speed of 3 kn. All data were standardized to 1 h trawl dura-
tion for further analyses. The numbers of survey sites were 48
(January), 74 (June), 98 (August) and 96 (October), respectively.
Although the number of survey sites varied between seasons, rel-
atively high sampling coverage was achieved throughout the en-
tire geographic range during each survey.

Considering both biological relevance and data availability,
we chose five environmental parameters (bottom temperature,
bottom salinity, bottom water velocity in longitudinal and latit-
udinal direction, water depth, and distance to shore) as the pre-
dictive variables to infer the habitat distribution of L. tanakae.
Distance to shore was extracted from the Global Marine Environ-
ment Datasets (http://gmed.auckland.ac.nz) (Basher et al.,
2018). Depth, monthly mean bottom temperature, bottom salin-
ity and bottom velocity in 2016 were obtained from the Regional
Ocean Modeling Systems, physical model provided by the
Second Institute of Oceanography, Ministry of Natural Re-
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Fig. 1.   Study area.
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sources. These data have been validated with direct observations
and other published data from reanalysis, such as the NOAA op-
timum interpolation sea surface temperature and the Hybrid Co-
ordinate Ocean Model data, which are commonly accepted to be
valid and reliable (Figs S1−S3). For modelling purposes, all envir-
onmental data were cropped to the study area (32°−41°N,
117°−127°E) at a spatial resolution of 5'. Among the environment-
al variables tested, depth and distance to shore were treated as
static variables. To avoid possible multicollinearity which could
lead to biased model estimation, Pearson’s correlation coeffi-
cients were compared among environmental factors. Variables
with an absolute correlation coefficient value higher than 0.7
were discarded before further analysis (Schickele et al., 2020).
Depth was omitted in all four seasons due to its strong correla-
tion with bottom temperature and bottom salinity. Bottom salin-
ity in January was omitted due to its high correlation with bot-
tom temperature (Fig. S4).

2.2  Model performance and evaluation
Seasonal habitat suitability for L. tanakae was estimated us-

ing the RFs method and applied to the presence/absence data
mentioned in Section 2.1. The RFs modelling technique was
chosen due to its robust performance and increased application
in recent years (Melnychuk et al., 2017; Pons et al., 2018; Rubio et
al., 2020). It is a machine-learning approach based on the classi-
fication and regression tree algorithm. It combines bagging and
random selection of variables together, builds a “forest” consist-
ing of a selected number of classification or regression trees and
uses the voting method to obtain the final result (Breiman, 2001).
For each tree, a set of variables are randomly selected from the
original variables at a given node where the data are split. Fur-
ther details of the RFs method are more fully described in
Breiman (2001) and Cutler et al. (2007).

Considering the reliability of presence data from actual ob-
servation, we focused more on addressing uncertainty in the ab-
sence data. Due to a lack of more detailed information about the
survey absence data, here we assume that the absence data are
more likely to consist of both “actual” and “false” absence data.
For each sampling season, experimental groups with false ab-
sence data were created by changing proportions of absence to
presence through adding different levels of errors randomly (0,
10%, 20%, 30%, 40% and 50%). In this way, the effect of uncer-
tainty in absence data could be measured by evaluating model
predictions with the control group. Mean difference and statistic-
al significance (ɑ=0.05) of evaluation metrics for different groups
(a control group with no error added and experimental groups
with different levels of error added) were tested by either one-
way ANOVA or Kruskal-Wallis testing depending upon whether
assumptions about normality and homogeneity of variance were
satisfied (van Hecke, 2012). We used three evaluation metrics to
assess the performance of seasonal RFs: (1) the area under the
curve (AUC) of the receiver operating characteristic (Hanley and
McNeil, 1982), (2) the Cohen’s Kappa (Kappa; Cohen, 1960), and
(3) the true skill statistics (TSS; Allouche et al., 2006). These eval-
uation metrics have been widely used to test the accuracy of
SDMs (Fernandes et al., 2019). Given these metrics, the fitting
model was considered acceptable with AUC≥0.7, Kappa≥0.4
and TSS≥0.4 (Phillips et al., 2017; Becker et al., 2020). Optimal
parameter settings for different seasonal RFs were determined by
the accuracy of values using a cross-validation procedure with 10
evaluation repetitions. Models were run using the biomod2 pack-
age in R software version 4.0.2 (Thuiller et al., 2016).

3  Results

3.1  Model performance and variable importance
The SDMs of L. tanakae were successfully developed for all

four seasons. Overall, the seasonal RFs performed well, indicat-
ing a highly accurate prediction (mean±standard error) based on
the score criteria for the three evaluation metrics. Models for Oc-
tober, August and January were of higher quality compared to
that for June.

Among environmental predictors with absolute pairwise
Pearson’s correlation coefficients less than 0.7, the importance of
different variables showed an inconsistent trend across survey
month (Fig. 2). In June, bottom temperature was evaluated as the
most important variable with the highest importance value of
0.61±0.04, other variables contributed less than 0.20 (Fig. 3a).
Liparis tanakae prefers to inhabit locations where bottom tem-
peratures ranged from 8°C to 16°C (Fig. 4a). In August and Octo-
ber, bottom salinity was the dominant variable influencing the
distribution of L. tanakae with importance values of 0.25±0.01
and 0.41±0.02, respectively (Figs 3b and c). The species prefers to
inhabit areas with bottom salinity higher than 31.5 (Figs 4b and c).
In January, bottom temperature and distance to shore showed
higher variable importance than bottom velocity, but all variable
importance values were less than 0.20 (Fig. 3d). Liparis tanakae
prefers to inhabit areas with bottom temperatures higher than
10°C (Fig. 4d). Temperature preference of L. tanakae was consist-
ent year-round, ranging from 8°C to 16°C, whereas salinity pref-
erence changed slightly from higher than 31.0 in June to higher
than 31.5 in August and October.

3.2  Seasonal habitat suitability
Habitat suitability for L. tanakae showed clear seasonality in

the BSYS (Fig. 5). In June, most areas in the BSYS were widely
suitable for L. tanakae (Fig. 5a). High habitat suitability was pre-
dicted in most areas of the Yellow Sea except for coastal waters
outside Jiangsu Province. In the Bohai Sea, suitable areas tended
to be peripherally distributed except in the central Bohai Sea and
three bays (the Bohai Bay, Laizhou Bay and Liaodong Bay). In
August and October, L. tanakae was more likely to occur in the
Yellow Sea, whereas most areas in the Bohai Sea had low probab-
ilities of occurrence, except in the northern area of the Bohai Sea
Strait near Dalian (Figs 5b and c). The spatial pattern of suitable
habitat receded in October as there was less suitable area in shal-
low waters compared with August. In January, areas of habitat
suitable for L. tanakae tended to be narrow compared with the
other three survey periods, concentrating in the central and
southern Yellow Sea (33°−35°N, 122°−125°E, Fig. 5d).

3.3  Potential impacts of false absence data
Potential impacts that false absence data might have on mod-

el performance were evaluated by adding different levels of error
to the absence data (Fig. 6). Model performance under control
and degraded data showed similar patterns for different survey
periods. Generally, adding false absence data had strong negat-
ive effects on model performance. Evaluation criteria values
(AUC, Kappa and TSS) demonstrated an overall downward trend
with the added increasing level of errors compared to the control
group (data without errors added).

Significance tests showed that the difference in mean AUC
between the control group and experimental groups with 30% or
more errors added was significant (P<0.05) in June, August, and
October. In January, a significant difference was detected
between the control group and experimental groups with 20% or

24 Chen Yunlong et al. Acta Oceanol. Sin., 2022, Vol. 41, No. 6, P. 22–30  



1.0 a. June

c. October

b. August

d. January

0.8
In

d
ex

 v
al

u
e

In
d
ex

 v
al

u
e

In
d
ex

 v
al

u
e

In
d
ex

 v
al

u
e

0.6

0.4

0.2

0

AUC Kappa TSS

1.0

0.8

0.6

0.4

0.2

0

AUC Kappa TSS

1.0

0.8

0.6

0.4

0.2

0

AUC Kappa TSS

1.0

0.8

0.6

0.4

0.2

0

AUC Kappa TSS
 

Fig. 2.     Model performances evaluated by the area under the receiver operating characteristic curve (AUC), the Cohen’s Kappa
(Kappa) and the true skill statistics (TSS) of Liparis tanakae. Data are expressed with mean±standard error.
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Fig. 3.   Seasonal variable importance of environmental variables (BS, bottom salinity; BT, bottom temperature; BU, bottom velocity in
latitude direction; BV, bottom velocity in longitude direction; DS, distance to shore). Data are expressed with mean±standard error.
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Fig. 4.   Response curves of predicted occurrence probability of Liparis tanakae against dominant environmental variable. Multiple
lines represent the results of 10 evaluation repetitions.
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Fig. 5.   Seasonal habitat suitability for L. tanakae predicted by random forests. Solid dots mean presence; circles, absence.
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more errors. Mean Kappa showed a significant difference
(P<0.05) between the control group and experimental groups
with 30% or higher errors added in January, June and October,
whereas in August, that difference was detected after 20% or
more errors added. As for the mean value of TSS, it significantly
decreased (P<0.05) after 30% or more errors were added in all
four survey periods.

4  Discussion

4.1  Seasonal habitat suitability for L. tanakae
Accurate species distribution information is necessary for

population dynamics assessment, ecosystem modeling and fish-
ery management (Melnychuk et al., 2017; Becker et al., 2020).
Liparis tanakae has come into prominence as a dominant spe-
cies of ecological importance in the Yellow Sea (Chen et al., 2018),
yet its seasonal distribution pattern remained unclear. To re-
dress this deficiency, we assessed the seasonal habitat suitability
for L. tanakae in the BYSY for the first time using machine-learn-
ing methods. Evaluation values of AUC, Kappa and TSS demon-
strated highly accurate prediction among the results. Further-
more, our work revealed that the Yellow Sea appeared to have
suitable habitat for L. tanakae during all four survey periods. The
area of high habitat suitability is extremely wide-ranging, encom-
passing almost the entire Yellow Sea in all months surveyed ex-
cept January. Strong environment adaptability may provide a key
explanation for the dominant status of L. tanakae in the BYSY
along with its life history traits such as rapid growth, varied diet
and high inter-specific competitiveness (Chen et al., 2013).
In addition, our modelling approach should provide greater in-
sight into future changes in spatial distribution patterns of L.

tanakae when it is applied to further ecosystem modelling work
in the study area, especially when seasonal variation is taken into
account.

Previous research has indicated that L. tanakae inhabits shal-
lower waters during spring and summer compared to autumn
and winter (Zhou et al., 2012). This is also reflected in our results
in which higher habitat suitability is predicted in coastal waters
near the southern region of the Shandong Peninsula in June and
August compared to those in October and January. It is note-
worthy that the period from May to August is also the spawning
season for many economically important fishes and shrimps in
the BSYS. During this period, L. tanakae belongs to the shrimp
predator functional group as well as including a proportion of
scale-fish in its diet (Zhang et al., 2011). The occurrence of a large
number of L. tanakae in shallow waters may have adverse im-
pacts on the recruitment of economically valuable species
through predation (Zhou et al., 2012). In the coastal waters off
Fukushima, Japan, it is reported that there was a habitat overlap
between snailfish (predator) and 0-year-old Japanese flounder
(prey) and more than 40% of 0-year-old Japanese flounder were
estimated to be vulnerable to L. tanakae (Tomiyama et al.,
2013b). These ecological issues need to be further explored in the
BSYS using methods such as stomach contents analysis and joint
species distribution models.

4.2  Model performance and variable importance
Environmental variables not only influence the physiological

behavior and metabolic activity level of marine species, but also
their distribution and population dynamics (Phillips et al., 2017).
Considering species presence/absence data and abiotic environ-
mental factors in combination, we aimed at identifying the dom-
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Fig. 6.   Model performances of Liparis tanakae between control (data without errors added) and degraded data (data with errors
added) using RFs. Errors were added to the occurrence dataset to create false negatives. For each level of error, AUC, Kappa and TSS
are expressed with mean±standard error.
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inant variables that could explain the seasonal distribution of L.
tanakae. In our study, bottom temperature and bottom salinity
were the most important variables contributing to the distribu-
tion patterns of L. tanakae in the BSYS, indicating this species
prefers relative low temperature and high salinity environments.
It has been reported that the preferred habitat of L. tanakae is
closely related to the distribution of cold coastal water (Chen,
1991). The stock density of L. tanakae was negatively correlated
with winter sea surface temperature, indicating a sensitive re-
sponse to changing environmental conditions (Chen et al., 2013).
In addition, the dominant variable differed among the survey
months. This means that when considering future research in-
volving seasonal population dynamics of L. tanakae, the incon-
sistent role that different environmental parameters may play
across seasons should be considered.

Soberón and Nakamura (2009) pointed out that the actual
spatial distribution of a species may not be fully explained by the
abiotic variables in models, because species dispersal and biotic
factors also play important roles and vary with scale in their in-
teractions. In our study, the importance values of the environ-
mental variables were relatively low in January and August, in-
dicating the possible existence of other key variables not in-
cluded in our study. Spawning and feeding activities of L. tana-
kae in January and August may be related to these lower import-
ance values. It is reported that L. tanakae in the Yellow Sea
spawns from early January to early March (Wan and Jiang, 2000).
There were two intra-annual feeding peaks evident for L. tana-
kae: January, when the feeding intensity was increased to meet
reproductive needs, and August, when high feeding intensity
supported the demands of rapid growth (Zhang et al., 2011).
More abiotic and biological variables should be included in fur-
ther studies to provide greater insight into factors governing the
distribution of L. tanakae. In addition, harvest-driven changes in
abundance were not considered in our analysis since L. tanakae
has no economic value and consequently it is not commercially
exploited (Chernova et al., 2004).

4.3  Potential effects of false absence data on model reliability
Data quality is a key issue influencing the reliability of model

predictions (Molloy et al., 2017). High rates of false absences
could lead to poorly performing models with low explained devi-
ance (Lobo et al., 2010), especially when a species is rare which
makes it difficult to detect all suitable habitat (Gibson et al.,
2007). Lobo et al. (2010) defined three types of absences which
were contingent, environmental and methodological absences,
respectively. Among them, methodological absences were
treated as the most important source of uncertainty. In our work
it was difficult to distinguish the absence categories due to a lack
of more detailed information, so we simply created the “false”
absence data by changing absence to presence randomly for a
proportion of observations without considering the reasons that
caused each absence. Furthermore, it should be noted that pre-
valence, ecological trait and catchability among species may lead
to different degrees of sensitivity to unobserved presence (Comte
and Grenouillet, 2013; Manceur and Kühn, 2014). We caution
that the projected results for L. tanakae in our study are indicat-
ive and the negative impacts of false absence need to be checked
among multiple species to draw stronger inferences.

In the present study, we tried to evaluate the degree to which
false absence data from fishery-independent surveys can impact
the accuracy of habitat suitability assessments using different
evaluation metrics. Our work revealed that scores for evaluation
metrics decreased with an increasing level of error, highlighting

the negative effect that the false absence data may have on mod-
el performance. Considering the high spatial coverage of the field
surveys and the possible level of errors among our absence data,
we conclude that our results are acceptable and reliable. It has
been established that data quality, modeling methods, sample
size and spatial resolution can have large effects on SDMs per-
formance (Molloy et al., 2017; Record et al., 2018; Hao et al.,
2019). How these factors affect model performance and their pre-
dictive ability in the BSYS are unanswered questions that war-
rant further investigation.

5  Conclusions
This study utilized seasonal presence and absence informa-

tion to construct the SDMs for L. tanakae in the BSYS. Our res-
ults indicated that the seasonal habitat suitability maps of L.
tanakae were consistent with the field survey data. Seasonal vari-
ations should be considered when the spatial distributions of L.
tanakae are further applied to ecosystem modelling work in the
study area. Bottom temperature and salinity were identified as
important factors influencing the distribution of L. tanakae. The
importance values of environmental variables were relatively low
during January and August, and biotic variables were not in-
cluded in our study such as spawning and feeding activities may
be related to this pattern. Values of evaluation metrics decreased
with an increasing level of error, highlighting the negative effect
that false absence data may have on model performance. But we
caution that the projected results of L. tanakae in our study are
indicative and potential negative impacts from false absence, and
need to be checked among multiple species. The distributions of
L. tanakae presented in this paper serve as an example to illus-
trate the seasonal migration pattern of mobile species in the
BSYS.
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