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SUMMARY

Environmental changes driven by pollution and
climate change have affected many species globally.
The Pacific white-sided dolphin, or Lagenorhynchus
obliquidens (L. obliquidens), is threatened by
water pollution, which is the product of human
actions and can impact the genetic structure of
species in affected areas. While researchers have
studied genetic differences between populations
of L. obliquidens in Japan, they failed to explore
the potential environmental drivers of these
differences. Our research aimed to identify the
major environmental factors impacting the genetic
variation of L. obliquidens, which will increase our
understanding of how this species responds to
changes in the environment. We studied several
different variables, including salinity, ocean currents,
temperature, and microplastic levels. Due to the
significant presence and variation of microplastics
in the ocean surrounding Japan, we hypothesized
that this would have the most notable impact on the
genetic variation of L. obliquidens. We began our
research by gathering genetic sequencing data from
a preexisting study focusing on populations along
the Japanese coast. We collected environmental data
and analyzed it alongside a genetic distance matrix,
leveraging data analysis and machine learning tools
in R. We found that the most impactful variable was
current stability, which did not match our original
prediction of microplastic levels having the most
significant impact. We then investigated why ocean
currents may have had such a strong impact on
L. obliquidens and proposed that it has a connection
to nutrient and prey distribution, which can be
majorly impacted by changes in ocean currents.

INTRODUCTION

The environment of an organism is key to determining
many of its characteristics. The genetic structure of several
organisms has previously been shown to have some
correlation with environmental variables, which is the product
of certain genetic adaptions being better suited to different
environments. A variety of environmental factors, such as
temperature, salinity, pollution, and more, have been linked to
genetic structure, particularly the variation or mutations that
are prevalent within a given population (1-4). The environment
is also rapidly changing in many areas due to climate change,
making it even more relevant to studying modern species.

Lagenorhynchus obliquidens (L. obliquidens), commonly
known as the Pacific white-sided dolphin, is threatened by
the rate of global warming and struggling to adapt (5). This
species typically resides in the colder regions of the Pacific
Ocean in areas where the water is deep (6). While there
used to be large populations of L. obliquidens in the Gulf of
California, warming ocean waters have impacted the animals,
reducing their population size by one order of magnitude per
decade from 1980 through 2009 (7). The negative impact
of warmer oceans is further shown by the northward shift of
L. obliquidens. As populations in the Gulf of California have
decreased, populations of L. obliquidens further north, along
the west coast of Canada, have increased due to migration
(7). These temperature changes can alter habitat and nutrient
availability (8). Warming waters can also lead to acute
thermal stress in organisms such as macroalgae, reducing
the population (8). However, the study of shifting populations
of L. obliquidens did not pinpoint the reason why they prefer
more temperate waters; it simply indicated that the organisms
have a general preference for more temperate waters and
adjusted their range following that (7).

In addition to temperature having an impact on
L. obliquidens, environmental variables like microplastic
levels, salinity, and current can also affect populations (2-
4). Microplastic levels can vary depending on population
density in a certain area, as larger cities will produce more
plastic and more isolated areas will have less waste. There
are multiple examples of microplastics found along the
coast of Japan, including polybrominated diphenyl ethers
(PBDEs) and polychlorinated biphenyls (PCBs) (9). PBDEs
are common flame retardants that can be found in the air,
water, and soil, meaning that organisms can be exposed
through their environment alone (10). PCBs are most often
used as insulating electrical fluids but can also be used in
other hydraulic or lubricating fluids (11). According to a study
of PBDE levels in Japan, the results were inconsistent with
the urbanity of nearby areas and did not have a pattern,
unlike PCBs. PCBs varied between urban and isolated areas,
with significantly higher concentrations of PCBs in urban
areas (9). Increased microplastic levels in the ocean lead to
more organisms ingesting greater amounts of this potentially
harmful substance, which impacts overall populations in
addition to individual organisms in affected areas (12). In
dolphins, microplastics can pose a health risk and cause
conditions such as hyperthyroidism, in which an organism’s
thyroid releases high levels of hormones (13).

Salinity is an essential part of the environment for ocean-
dwelling organisms, so any change in salinity levels can have
major detrimental impacts on an ecosystem (14). Salinity
can impact water circulation, as increased salinity leads to
increased water density, which causes a more noticeable
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response in water circulation to precipitation and evaporation.
In addition, increasing salinity decreases the freezing point
of water, making it more difficult to form sea ice. This directly
impacts ocean currents, and it contributes to global warming
due to the reduced amounts of sea ice (15). Previously,
studies have shown that salinity influences the genetic
variation of ocean species, affecting genes linked to sodium-
activated ion transport, kidney development, adipogenesis,
and thermogenesis (16).

Ocean currents impact heat and nutrient distribution as
well as the prey available to L. obliquidens, which typically
feeds on small fish and squid (6, 17). The alteration in prey
availability occurs because ocean currents affect migration
patterns, changing the species diversity in a given area (17).
Changes in ocean currents can result from climate change
and volatile weather. For example, melting glaciers can lead
to altered heat distribution, and inconsistent winds cause
changing current strength (17).

Past research has shown a correlation between various
environmental factors and genetic differences among
populations. One study conducted in the Great Barrier Reef
examined the impact of environmental factors on corals,
specifically Acropora millepora and Pocillopora damicornis
(1). The study found varying allele frequencies between two
unique environments. It specifically studied water clarity
and temperature within the reef and identified a connection
between those two factors and the varied allele frequency
(1). Given the intense environmental pressures experienced
by L. obliquidens, we may be able to identify a similar
connection between L. obliquidens’s genetic structure and
their environment.

Suzuki et al. surveyed the genetic structure of L. obliquidens
off the coast of Japan (18). To do this, they sampled 123
organisms from twelve distinct regions across Japan from
1978 to 2021 and sequenced their genomes. The study
identified two genetically distinct clusters of L. obliquidens,
which were separated by location (18). While the study
divided the samples by genetic cluster, it did not look at the
potential environmental causes of those differences (18). Our
research aims to fill that gap by determining the impact of
various environmental variables on the genetic structure of
L. obliquidens using that same genetic data.

To investigate the relationship between the environment
and the genetic structure of the Pacific white-sided dolphin,
we analyzed the impact of temperature, microplastic levels,
and salinity on the observed genetic variation. Data on these
variables was collected from multiple sources, namely the
Japan Oceanographic Center, World Sea Temperatures,
and a previous study of microplastic levels in Japan (9, 19-
21). Each of these variables has previously been shown to
impact the environment or genetics of some organisms (1-4).
There was visible variation in microplastic levels depending
on location, and a previous study found some correlation
between microplastic levels and population density (9). Due
to variations in microplastic levels depending on human
population density, we hypothesized that microplastic levels
would have the most significant genetic impact. Using the
environmental and genetic data, we performed two types
of analyses, one investigating the correlation between
environmental variables and genetic distance and another
to determine how well the variables can predict genetic
clusters using machine learning methods. We found that
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ocean currents both had the highest correlation and were
the best predictor of genetic cluster, and we concluded that
this could be caused by the variations in nutrient distribution
resulting from current deviations. Of course, further research
into this correlation and its causes is necessary to determine
the validity of this relationship. This research will increase
our understanding of how L. obliquidens responds to
environmental changes that may occur due to human actions.

RESULTS

To determine what environmental variables were
correlated with the genetic structure of L. obliquidens, we
performed several different analyses. A genetic distance
matrix was analyzed alongside environmental data gathered
from the locations of each population from the study.
Using the locations given for each organism, we collected
environmental data for salinity (PPT), surface temperature
(°C), microplastic levels (ng/g dry weight), and current (knots)
to analyze along with the genetic data (19-21, 9). We first
performed clustering analysis to identify structures within our
samples (Figure 1). We identified some clusters in the upper
left and center with more similarity.

We found a clear distinction in environmental variables
between genetic clusters (Figure 2). We looked at the data
distribution for the most important variables from our previous
analysis: current stability, salinity, and PBDEs (Figure 2).
Genetic cluster two exhibited significantly higher values for
salinity than genetic cluster one (f = -3.88, p < 0.05). Genetic
cluster one contained a narrower range of higher values for
PBDE levels than genetic cluster two (t = -3.01, p < 0.05).
Genetic cluster two was refined to a smaller range on the lower
end of the spectrum for current stability, which is defined as
the vector average current speed/scalar average speed, than
genetic cluster one (t = 6.12, p < 0.05, 1).

In addition to looking at variability in the environmental
data, we looked at how the different variables may be
correlated. With some further analysis in R, we found that
three ocean current variables, current stability, current speed,
and current direction, were closely correlated with each other.
None of the other variables showed a statistically significant
correlation (Table 1).

We confirmed the distinction between these clusters
visually using PCoA (Figures 3 and 4). Coloring by different
variables indicated genetic structure might be driven by
current stability. To more formally test the relationship
between environmental and genetic data, we conducted a
distance-based redundancy analysis (dbRDA), comparing
the environmental data we collected to genetic distance
(Figure 5). This graph showed the strength of the correlation
between various environmental variables and genetics
compared to the genetic cluster of each dolphin identified in
the previous study. The dbRDA did not produce statistically
significant results, but the most notable variable was PCBs
(p < 0.1, Figure 5). Among the remaining variables, there
were varying amounts of correlation, with surface temperature
having one of the weakest correlations.

Lastly, we created a random forest machine-learning
model to predict the genetic cluster of an organism using
environmental data, which allowed us to look at the importance
of different variables. We first trained the model on the set
of environmental and genetic data. The trained model then
used input environmental data to predict the genetic cluster
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Figure 1: Pacific dolphins have two distinct genetic clusters. Heatmap visualizing genetic distance, a measure of the amount of genetic
divergence between organisms, on a gradient where darker blue indicates lesser genetic distance while dark red indicates greater genetic
distance. This is determined by comparing the different organisms in the dataset to determine the genetic distance based on single nucleotide
variants. The figure shows there is more similarity between the organisms in the upper left, where individuals appear to cluster together.

of a given organism. The model predicted the data well and
had a relatively high accuracy score of 0.786, calculated
from the confusion matrix (Table 2). Current stability was the
most important variable in determining an individual's genetic
cluster (mean decrease GINI = 1.24, Figure 6). Salinity also
had a large impact (mean decrease GINI = 1.17, Figure 6).
The remaining mean decrease GINI values were current
direction, 0.833; PBDEs, 0.775; surface temperature, 0.770;
PCBs, 0.756; and current speed, 0.670. We also noted that
PBDEs were more influential in the model than PCBs.

DISCUSSION

In our study, we investigated the correlation between
environmental variables and genetic structurein L. obliquidens.
We initially hypothesized that microplastic levels would have
the most significant correlation with genetic distance. To
examine this claim, we performed several different types

of analysis on genetic data compared with environmental
data for various variables, including microplastics, ocean
temperature, ocean currents, and salinity. We did find a
small link between microplastic levels and genetics, but the
strongest correlation was that of ocean current stability and
genetics.

While PBDE and PCB were not the best predictors of
genetic distance, they were correlated with genetic distance.
However, despite both being microplastics, they affected
genetic structure independently of each other, which was
initially very surprising (as indicated by the perpendicular
arrows in Figure 5). This may be a result of the different
processes that produce each microplastic, causing them to
act independently on genetic structure. Unlike PCBs, which
varied between urban and isolated areas, PBDEs did not
have a recognizable pattern (9). Despite this, PBDEs seemed
to have a stronger correlation with genetics than PCBs
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Figure 2: There is a significant difference in variable distribution between genetic clusters. The three box plots shown demonstrate the
distribution of current stability, salinity, and PBDE values by genetic cluster. There is a significant difference between genetic clusters for all
environmental variables. The y-axis represents the range of values for the given variable with lines at the quartile and median marks. As the
data has been standardized by the maximum value for each variable, the y-axis is now unitless. Current stability is measured as a percentage,

Salinity is measured in PPT, and microplastic levels are ng/g dry weight.

(Figure 6).

Though the dbRDA did not produce statistically significant
results, ocean current stability was the most significant
environmental variable based on the random forest analysis.
Current stability had a major impact on determining the
genetic cluster of an organism (Figure 6). However, all three
current variables, current stability, current direction, and
current speed, are correlated with each other, which prevents
us from identifying the independent impact of each individual
variable (Table 1).

While current does impact heat distribution, temperature
did not have a noticeable impact on genetic variation,
indicating that heat distribution is not the reason for the
extreme impact of ocean currents. L. obliquidens are
reportedly sensitive to heat, as populations in the Gulf of
California have been reduced due to the warming climate in
that area (6). However, there is a possibility that populations
in different regions respond to changes in temperature
differently. Instead of heat, the significance of currents may
be caused by the large impact that they have on nutrient and
prey distribution, meaning that varying currents can result in
different diets and nutrients for separate populations (17). To
confirm this hypothesis, additional research would need to be
done into the varying diets of different populations.

One thing to note about the results of the dbRDA
and random forest model is that they measure different
relationships. The dbRDA uses a genetic distance matrix to
identify the correlation between genetics and environmental

variables, while the random forest model exclusively predicts
the genetic cluster without looking at any exact genetic data.
However, both analyses still support a correlation between
current factors and genetics. Ocean currents are among
the most prominent variables in predicting genetic clusters
in the random forest. The dbRDA provides more nuanced
correlation information, as genetic distance is a gradient
value as opposed to the binary genetic cluster. Both analyses,
however, measure the impact of environmental factors on
some aspect of genetics.

Previous studies, including the source that provided the
original data, have used similar methods of analysis as those
performed here. The study of genetic clusters in the Pacific
white-sided dolphin visualized the separation of the two
clusters using a PCoA (18). Our study also utilized a PCoA but
worked with a gradient of values instead of a binary category,
allowing more room to look at variations in the data. Another
study used a dbRDA to look at the relationship between
environmental variables and genetics. The final dbRDA
included fewer variables than ours and less information about
variables that turned out to be less significant (22). Finally, the
random forest method has previously been used to evaluate
the relationship between the environment and genetics.
However, this study focused more on specific genes and only
used the random forest analysis, while we used this method
in coordination with other analyses and provided a more
general assessment of the relationship (23).

The lack of correlation between genetics and geographic
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Variable 1 Variable 2 Correlation p-value
Current Stability Current Direction -0.668 1.76*1072
Current Stability Current Speed 0.786 2.46 *10°¢
Current Stability PBDE -0.333 2.90%10"
Current Stability PCB -0.209 5.15*10"
Current Stability Temperature -0.143 6.57*10"
Current Stability Salinity -0.470 1.23*10"
Current Direction Current Speed -0.655 2.09*102
Current Direction PBDEs 0.335 2.87*10"
Current Direction PCBs -0.133 6.81*10"
Current Direction Temp -0.412 1.84*10"
Current Direction Salinity 0.452 1.41*10"
Current Speed PBDEs -0.150 6.42*10"
Current Speed PCBs 0.097 7.65*10"
Current Speed Temp 0.274 3.89*10
Current Speed Salinity -0.436 1.57*10"
PBDE PCBs -0.160 6.20*10"
PBDE Temp 0.181 5.73*10"
PBDE Salinity 0.122 7.05*10"
PCB Temp 0.487 1.09*10"
PCB Salinity -0.133 6.80*10"
Temp Salinity 0.005 9.87*10"

Table 1: Current variables are correlated with each other. Looking at the correlation between different variables, different aspects of
ocean currents had the strongest connection. None of the remaining variables showed statistically significant correlations.
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Figure 3: Graphs indicate a potential correlation between variables and genetic distance. Graph A is a principal coordinate analysis
(PCoA) visualizing the genetic separation between genetic clusters 1 and 2. There is a clear division between genetic cluster 2 in the upper two
quadrants and cluster 1 in the lower quadrants. PCoA B shows a gradient pattern of current stability values. Darker points with lower current
stability values are shown more in the upper quadrants of the graph, while lighter points with higher current stability values are clustered in
the bottom quadrants. Each point’s positioning on the MDS1 and MDS2 axes relative to each other reflects the dissimilarity between the two
organisms. The two axes are unitless as they measure the variance in these variables.
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Figure 4: Polychlorinated biphenyls (PCBs) and polybrominated diphenyl ethers (PBDEs) have no visible correlation with genetic
distance. Graphs A and B show no consistent patterns or groupings of microplastic levels, indicating a lack of strong correlation. Each point’s
positioning on the MDS1 and MDS2 axes relative to each other reflects the dissimilarity between the two organisms. The two axes are unitless

as they measure the variance in these variables.

distance may be due to how we calculated distance. By
using longitude and latitude as predictors, we ignored the
geographic separation caused by the island of Japan. For
example, the narrowness of the island means that locations on
opposite sides are close spatially but distant as measured in
miles of coastline. Because Japan is an island and divides the
ocean into sections, each side of the island could have a very
different current composition despite being physically close
to each other. It’s possible the relationship we found with the
current variable may actually describe the separation of two
populations formed by the island of Japan. Some evidence
for this theory is the division of genetic clusters shown by
the original study. Individuals in one group were almost
entirely on one side of the island while the other group was
split between the two sides (18). Salinity was not significantly
correlated with genetic distance (Figure 5). However, salinity
was the second most consequential variable in the random
forest model (Figure 6). The two analyses may be measuring

different types of relationships between environmental factors
and genetics, but they are still both examining genetics, so
the reason for this distinction is unclear. Salinity often has
some influence on current, but it did not have a statistically
significant correlation with current in this study (15). However,
salinity does have some impact on water circulation and
density, which may cause a connection with genetic structure
(15).

Another area to consider is the potential mismatch
between environmental and genetic data. Some organisms
were sampled in 2010, while the environmental data is from
2022. This could mean that some of the environmental data
is not accurate to what an organism actually experienced. For
this reason, we filtered the data to only contain organisms
sampled in 2010 onwards, but we did not have enough
recent data to only focus on the past few years. Our data
was also taken from several different sources as we were
not able to perform the sampling ourselves. Because of this,

Journal of Emerging Investigators « www.emerginginvestigators.org

23 JANUARY 2024 | VOL7 | 6



EMERGING INVESTIGATORS

https://doi.org/10.59720/23-078

CurrentSpeed Current Stability
13 _g.\
w
T N\ Polychlorinated.Biphenyls
A ]
e A Avg.Sea.Surfacg.Temp ©
[Te) o
il
~ o
52 : ;
o ° .
N
0 © .
0" — N \\.
3 o Y
s “ oo Pol?tﬂzrcrpmated@_ipherwl.Ethers
a “,_ ™~ . ¢
"‘ N
o a % .
- = o |
22 GeneliE-ﬁCIusler
Salinity
Ir)‘ N
- Current.Direction
T 1 I I I
1.0 -0.5 0.0 0.5 1.0 1.5 2.0

CAP1

Figure 5: Current is strongly correlated with genetic distance. A distance-based redundancy analysis comparing environmental data with
genetic distance to identify a correlation. CAP1 and CAP2 are unitless constrained ordination axes used to show the most possible variation
explained by the given variables. The length of the arrows indicates how strong the correlation is, and the direction indicates where the greater
values are. Notably, polychlorinated biphenyls did have the most significant correlation (p < 0.1), but it was not sufficient to prove a correlation.

Predicted Genetic Cluster 1

Predicted Genetic Cluster 2

Expected Genetic Cluster 1 9

Expected Genetic Cluster 2 2

Table 2: The random forest model predicted genetic cluster. The model achieved a relatively high accuracy score of 0.714. The confusion
matrix compares the predicted versus actual genetic clusters with only four out of fourteen predictions incorrect. The variation between the
number of samples in each category is due to the random sample nature of the testing dataset, resulting in a skewed prediction distribution.

there was not always an exact match between organism
location and environmental data location, but instead a close
approximation. The filtered data resulted in a dataset that was
skewed towards genetic cluster 1, which may have had an
impact on the results of the random forest.

While the results of this study point towards ocean currents
having a correlation with the genetics of L. obliquidens,

the study was focused on a narrow area. We also note the
possibility that current variables may be correlated with other
environmental factors that were not tested in this study. To
see if these results can be applied generally, a larger scale
study including more diverse environmental variables and
locations across the globe would be necessary. In addition
to expanding the range of the study, it would be useful to

Journal of Emerging Investigators « www.emerginginvestigators.org

23 JANUARY 2024 | VOL7 | 7



IRNA
EMERGING INVESTIGATORS

https://doi.org/10.59720/23-078

Current.Stability

Salinity

Current.Direction
Polybrominated.Diphenyl.Ethers
Avg.Sea.Surface.Temp
Polychlorinated.Biphenyls
Current.Speed

O
O
O
O
o
o
o
[ | | l [ | [
00 02 04 06 08 10 1.2
MeanDecreaseGini

Figure 6: Current stability is the most important factor in the random forest model. A visualization of the importance of various
variables for determining the outcome of the random forest. This shows that current stability has a very strong impact, followed by salinity and
current direction. Mean decrease GINI measures how much the inclusion of a specific variable improves the model classification.

examine the impact of currents on other species to see if
ocean currents have a significant impact on other organisms
as well as L. obliquidens.

Another area for exploration is the physiological and
genetic impact of each of these environmental variables
on different organisms. Each aspect of the environment
can affect organisms in different ways, so studying these
differences is important to understanding the significance
of our results. In addition, expanding the range of variables
beyond those included in this study could provide insight into
the most impactful variables. It would also be useful to look
at the difference in these effects between distinct species, as
variables could have varying impacts on dissimilar species.

Further research should also include the identification
of specific genes that may be correlated with various
environmental factors. In this study, we looked at general
genome and genetic cluster correlation, but once significant
environmental factors are identified, it would be interesting
to explore specific genes that may be correlated with the
environment. The causes behind these correlations would
also provide more insight into how the environment is
impacting these organisms. While this research clearly
indicates a correlation between ocean currents and genetics,
further research is necessary to understand the cause
behind this correlation and how else the environment may
relate to genetics in the Pacific white-sided dolphin and other
organisms.

MATERIALS AND METHODS
Data Collection

We utilized existing sequencing data for the Pacific white-
sided dolphin from Japan (18). We downloaded the raw

whole genome sequencing data through NCBI BioProject
(BioProject Number PRJDB13929). The data originally
included 111 individuals from 12 different locations along
Japan’s coast and 12 individuals in captivity. We filtered
this data to 55 individuals sampled in 2010 or later. These
individuals spanned 9 different locations in the wild with an
average of approximately 6 animals per location. Using this
sequencing data, we created a genetic distance matrix by
using Analysis of Next Generation Sequencing Data (ANGSD
v =0.938) (24). This data was composed primarily of the most
recent yearly averages from these sources. To avoid bias, all
environmental data were standardized using the ‘decostand’
command in vegan (25).

Principal Coordinate Analysis and Distance-Based
Redundancy Analysis

Using the R packages pheatmap, vegan, and tidyverse,
we generated a heatmap, several PCoAs, and a dbRDA to
visualize the relationship between different environmental
variables and the genetic distance between organisms (25-
27). The PCoAs were used to identify the variables showing
the strongest correlation with genetic distance, which we
then processed with the dbRDA. We examined the relative
variable importance from the dbRDA by studying the varying
arrow lengths.

Random Forest

In parallel, we used a random forest to try to predict genetic
clusters from environmental data. We confirmed the outcome
using a random forest which predicted genetic clusters
based on environmental factors instead of determining the
correlation between genetic and environmental factors. Using

Journal of Emerging Investigators « www.emerginginvestigators.org

23 JANUARY 2024 | VOL7 | 8



IRNA ‘
EMERGING INVESTIGATORS

the randomForest and caTools packages in R, we divided our
data into training and testing sets, with 75 % (41 organisms)
of the data in the training set and the remaining 25 %
(14 organisms) in the testing set (28, 29). The training set was
used to train the model to predict the genetic cluster of an
organism based on given environmental data. These genetic
clusters were identified by the original paper authors. The
testing set was then used to test the model by having it predict
known genetic clusters based on environmental data. Once
we completed training and testing the model, we extracted
the variable importance to determine which environmental
variable had the most notable impact on the predictions made.

Box Plots and t-Tests

Finally, we looked at the distribution of different
environmental variables by creating box plots divided by
genetic cluster. To see how variables identified as important
differed between groups, we created boxplots of the most
important variables. These box plots visualized the data
distribution for notable variables to help understand their
significance. To determine significance, we conducted a t-test
on important variables that distinguished genetic clusters. We
corrected for multiple hypotheses by performing a Bonferroni
correction. In addition to this, we checked for correlations
between our environmental variables to avoid spurious results
using Pearson's product-moment correlation test.
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