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ABSTRACT

Using Iberian red deer as model, this study presents a supervised learning method, the
Support Vector Machines (SVM), to characterize sperm population structure related with
freezability. Male freezability was assessed by evaluating motility, membrane status and
mitochondrial membrane potential of sperm after a freezing-thawing procedure. The SVM
model was generated using sperm motility information captured by computer-assisted sperm
analysis (CASA) from thawed semen, belonging to 6 stags with marked differences on their
freezability. A total of 1369 sperm tracks were recorded for seven kinematic parameters and
assigned to four motility patterns based on them: weak motile, progressive, transitional and
hyperactivated-like. Then, this data were split in two sets: the training set, used to train the
SVM model, and the testing set, used to examine how the SVM method and three other
unsupervised methods, a non-hierarchical, a hierarchical and a multi-step clustering
procedures, performed the sperm classification into subpopulations. The SVM was revealed
as the most accurate method in the characterization of sperm subpopulations, showing all the
sperm subpopulations obtained in this way high significant correlations with those sperm
parameters used to characterize freezability of males. Given its superiority, the SVM method
was used to characterize the sperm motile subpopulations in Iberian red deer. Sperm motile
data from frozen — thawed semen belonging to 25 stags were recorded and loaded into the
SVM model. The sperm population structure revealed that those males showing poor
freezability were characterized by high percentages of sperm with a weak motility pattern. In
opposite, males showing good freezability were characterized by higher percentages of sperm
with a progressive and hyperactivated-like motility pattern and lower percentages of sperm

with a weak motile pattern. We also identified a sperm subpopulation with a transitional
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motility pattern. This subpopulation increased as the freezability of males improved, and may
be used as indicative of overall sperm motility.
Keywords: sperm subpopulations, support vector machines, sperm freezability, Iberian red

deer.
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1. Introduction

One of the most recognized characteristic of the mammalian ejaculates is its
heterogeneity, reflected in the presence of different sperm subpopulations [1-9]. This
heterogeneity has been related to different key issues of male reproductive performance.
Thus, it has been found that ability to undergo capacitation and fertilize may vary depending
on the subpopulation under consideration [10,11], and that freezability may vary significantly
among sperm subpopulations [9,12]. Therefore, it is fundamental to obtain a prior deep
knowledge of the population structure of semen, in order to study the relationships between
the quality and the reproductive performance of sperm samples.

Cell cryopreservation has become an indispensable tool in biology. Biological materials
can be safely kept and used after a very long period of time. In the case of spermatozoa,
cryopreservation is used not only in research, but also in livestock management and in the
conservation of wild and domestic species, as a complementary tool for managing live
animals and preserving their genetic diversity. Sperm cryopreservation combined with
artificial insemination (Al) is the assisted reproductive technology (ART) which possibly has
been increasingly applied to deer species too [13].

One important problem for standardizing sperm cryopreservation protocols is that sperm
from different individuals exhibit significant different responses to the same freezing
treatment [14-16]. Thus, males may show different freezability depending on their sperm
population structure. Therefore, it is of interest to identify those characteristics that favor the
freezability of spermatozoa, and to characterize the distribution of sperm subpopulations of
males as a way to predict their freezability.

Different statistical procedures have been used for the definition and identification of

sperm subpopulations. Martinez-Pastor et al. [17] provides references and a general
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discussion on the classification methods commonly used to identify sperm subpopulations. In
the last years, other analytical and statistical methods for cluster analysis have been
developed, which could improve the current analyses of sperm subpopulations. Data Mining
and Machine Learning disciplines are becoming increasingly important tools that provide
useful methods to reach those objectives. In a general way, we could say that the aim in Data
Mining and Machine Learning is to design computer programs to solve a task not based on
predefined rules provided by the user, but using relations that they ‘learned’ from the
information, data or feedback that they receive [18].

The learning processes can be roughly categorized as unsupervised or supervised.
In Unsupervised Learning, there is no outcome measure; we observe only the features and the
goal is to describe the associations and patterns among a set of input measures. As examples
of unsupervised learning methods, we have the hierarchical and non-hierarchical clustering
methods, among others, which are the preferred methods currently used in sperm
subpopulations analyses. In Qupervised Learning, the goal is to predict the value of an
outcome measure based on a number of input measures, so the presence of the outcome
variable guide the learning process. Data is usually split in two sets: the training set and test
set. Training set of data is used to observe the outcome and feature measurements for a set of
objects. Using this data we build a prediction model, or learner, which will enable us to
predict the outcome for new unseen objects, the test set. A good learner is one that accurately
predicts such an outcome. As supervised methods we can found several references on
literature: nearest neighbor methods [19], logistic regression [20], decision trees [21], support
vector machines [22] or neural networks [23] among others. An extended explanation of these

methods and other supervised methods is given by [18].
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In this study we used the Support vector machines (SVM) procedure. SVM'’s are a set
of related supervised learning methods used for classification and regression [18,22,24]. SVM
has been successfully used for several purposes [25,26]. In the field of biological sciences, we
can found references about the use of this procedure for protein sequence comparisons
[27,28], classification of genes and proteins [29,30], microarray gene expression analysis [31]
or cancer classification [32,33]. As other supervised learning techniques, the SVM procedure
involves separating data into training and testing sets. Each instance in the training set
contains one “target value” (i.e. the class labels) and several “attributes” (i.e. the features of
the observed variables). The goal of the SVM is to produce a model, based on the training
data, which predicts the target values of the test data only given the test data attributes. Thus,
having learned the features of one class, the SVM could recognize new objects as members or
non-members of that class based on their attributes.

The purpose of this study has been to characterize those sperm subpopulations based on
motile characteristics that could be related with the freezability of males in the Iberian reed
deer, using the SVM methodology. For this study, semen samples from Iberian red deer were
used as model. The advantage of using wild animals is that males are not artificially selected
for fertility. Thus, they are expected to exhibit considerable diversity in sperm characteristics
and fertility, as well as being an excellent model to study the eventual associations between

sperm characteristics and reproduction performance.

2. Materialsand Methods
2.1. Animalsand sperm collection
Animal manipulations were performed in accordance with the Spanish Animal

Protection Regulation, RD1201/2005, which conforms to European Union Regulation
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2003/65. This study included a total of 25 Iberian red deer (Cervus elaphus hispanicus) stags
hunted during the mating season in the south of Spain, coinciding with their reproductive
season (end of September to December) [34]. Both testes and epididymes were removed (in
the scrotum) and transported at 20-21 °C to the laboratory. Elapsed time between animal death
and sperm analyses ranged from 3 to 6 hours [35]. At the laboratory, testes and epididymides
were removed from the scrotum. Spermatozoa were collected by cutting the distal proportion
of the epididymides with a surgical blade, and diluted in PBS (pH 7.5; 320 mOsm/kg). After
dilution, sperm motility was assessed subjectively and only those epididymal semen samples
with a minimum quality were cryopreserved, as a way to assure that all sperm samples
showed good quality before freezing. Thus, only semen samples with a sperm motility
subjectively assessed over 80% (SM; 0 — 100%) and a quality movement over 4 (QM; on a
scale of 0 — 5, where 0 is no motility and 5 is vigorous progressive movement) were freeze.
Cryopreservation was performed as described by Soler et al. [16], and frozen semen was
stored in liquid nitrogen (-196 °C) for a minimum period of 6 months before thawing.
Thawing was performing by dropping the straws in a water bath with saline serum at 37 °C

for 20 s.

2.2. Assessment of thawed sperm quality
After thawing, semen samples were incubated in a water bath at 37 °C during 2 hours
previously to semen quality assessment. Percentage of motile spermatozoa (SM) and the
quality of movement (QM) were subjectively assessed and a resume measure, the Sperm

Motility Index (SMI) was calculated as described by Comizzoli et al. [36]:

SV +(20x QM)
2

vl =

[1]
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Membrane stability with YO-PRO-1, the viability with Propidium Iodide (PI) and the
mitochondrial membrane potential with Mitotracker Deep Red were assessed by flow
cytometry [37]. Thus, the YO-PRO-1-/PI- ratio is the proportion of viable spermatozoa with
a stable membrane, the YO-PRO-1+/PI+ ratio is the proportion of death spermatozoa and the
Mitotraker+/Y O-PRO-1- ratio is the proportion of spermatozoa with high mitochondrial
membrane potential.

We also objectively assessed the motility characteristics of sperm by Computer Assisted
Semen Analysis (CASA) as described in Martinez-Pastor et al. [38]. Analyses were carried
out using the Sperm Class Analyzer software (SCA® 2002, Microptic, Barcelona, Spain) and
the following motility descriptors were recorded: curvilinear velocity (VCL, um/s), average
path velocity (VAP, pm/s), straight line velocity (VSL, pm/s), linearity (LIN, %), straightness
(STR, %), amplitude of lateral head displacement (ALH, um) and beat cross frequency (BCF,
Hz). A total of 6542 spermatozoa belonging to the 25 stags were recorded, with a minimum of

200 spermatozoa per male being assessed.

2.3. Characterization of sperm motile subpopulations
23.1. Clasdification methods
This study made use of four different classification procedures: the non-hierarchical
(k-means) clustering, the hierarchical clustering, and a multi-step procedure that used both
clustering methods jointly [12] as unsupervised methods, and the support vector machines

procedure as supervised learning method.
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2.3.1.1. Non-hierarchical (k-means) clustering. A non-hierarchical clustering
method performing a disjoint cluster analysis on the basis of Euclidean distances has been
used. The optimal numbers of clusters to keep, four in this study, was set by using the
Silhouette Average Width (SAW) criterion [39]. The kmeans function from the STATS R

package [40] was used.

2.3.1.2. Hierarchical clustering. In this study, distance matrix was computed by
using the Euclidean distance measure and the Ward'sminimum variance method was set to
classify the data. To determine the final number of clusters, the Hubert I coefficient [41]
criterion was considered. To perform the analysis, we used the hclust function in the STATS

package [40].

2.3.1.3. Multistep procedure. Non-hierarchical and hierarchical clustering
methods were used jointly in a multi-step procedure. Multi-step procedures have been used
successfully to classify sperm subpopulations [7,12]. Generally, non-hierarchical methods are
employed as the first step. The clusters produced by the non-hierarchical method are then
merged in the second step by an agglomerative hierarchical method. The first step may also
be used to identify outliers or special clusters, allowing continuation to the second step with
an optimized set of clusters. In this study, a total of 10 clusters were obtained from the non-
hierarchical step and the merged in a final number of 4 clusters in the hierarchical clustering
step. The criteria considered to define the optimal number of clusters in each step were then

same describe above for the non-hierarchical and hierarchical clustering methods.
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10

2.3.1.4. Qupport vector machines. The SVM procedure involved the split of data
into a training set used to train the SVM and a testing data set to evaluate the accuracy of
these SVM. This testing set was used to evaluate the accuracy of the other non supervised
methods as well. The SVM equation obtained from the training step were used to characterize
the different sperm subpopulations in the Iberian red deer. A further explanation of these steps

is given below.

2.3.2. Training and testing data sets

In order to identify the sperm subpopulation structure that best correlates with the
freezability of males, individual sperm tracks from 6 stags with marked differences on their
freezability were assessed (Table 1 and Figure 1, closed circles). A total of 1369 sperm tracks
were recorded for the seven kinematic parameters defined above (section 2.2) and assigned to
four different motility patterns, as described in Goodson et al. [42] (Table 2 and Figure 2).
Then, this database was split and used to generate the SVM equations and to test how the
SVM method and other clustering procedures perform the spermatozoa classification into
subpopulations. Thus, the training data set consisted of 720 sperm tracks (120 per male)
randomly chosen and was used to generate the SVM equations, while the testing data set
consisted of the other 649 sperm tracks and was used to test the performance of the clustering
procedures. The kinematic parameters VCL, VSL, VAP, ALH and BCF were loaded into the
SVM procedure to generate SVM equations that were able to distinguish among sperm
belonging to different subpopulations. We discarded the use of LIN and STR parameters
because of they are linear combination of the other motility parameters. Once, the SVM
equations were constructed, the accuracy of the classification of spermatozoa into different

subpopulations by the SVM procedure, as well as, by the k-means, hierarchical and multi-step
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11

clustering procedures were tested using data in the festing set. For the latter clustering

methods, the same five kinematic traits, VCL, VSL, VAP, ALH and BCF were used.

2.3.3. Characterization of sperm motile subpopulationsin the | berian red deer

Finally, we examined the sperm population structure of the Iberian red deer using the
SVM equations obtaining from the training set, with the aim to find a subpopulations
distribution being related with freezability of males. Thus, 25 Iberian red deer males showing
different freezability were used, and a total of 6542 sperm tracks were recorded and used to

characterize the sperm motile subpopulations.

24. Statigtical analysis

All statistical analyses in this study were conducted with the R statistical software [41].
To implement the SVM methodology, we used the svm function from the €1071 R package
[43]. Package ¢1071 provides an interface to libsvm [44], a robust and fast implementation of
the most popular SVM formulations (Cand v classification, € and v regression, and novelty
detection).

Results obtained from the use of different classification methods to characterize the
subpopulation in the test set were presented graphically (Figure 3) and as a confusion matrix
(Table 3). In this matrix, each row represents the instances in a predicted class, while each
column represents the instances in an actual class. Values on diagonal (in bold) represents
events that have been well-classified. To evaluate how different methods performed the
classification, the overall accuracy rate has been calculated. The overall accuracy is defined as
the sum of the diagonal of the confusion matrix divided by the total number of events. For this

study, accuracy has been presented as an error rate, that is, 1 minus the overall accuracy. In
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12

addition, correlations between the sperm parameters used to determine the freezability of a
male (that is, the SMI and the cytometry parameters) and the percentages of subpopulations of
males were calculated for each classification method. This allowed us to examine which of
these methods perform a sperm subpopulation characterization that best correlates with
freezability of males.

The method that performed the most accuracy classification, in this study the SVM
method, was then used to characterize the sperm subpopulations distribution in the Iberian red
deer. Once sperm population structure was characterized, we performed a principal
component analysis (PCA) to examine the relations between the different sperm
subpopulations defined for the Iberian red deer and to explore how an overall measure of the

sperm population distribution could be useful to characterize freezability of males.

3. Reaults
3.1. Assessment of thawed sperm quality

After the freezing-thawing procedure, semen samples of Iberian red deer showed, on
average (mean = SEM), a SMI of 39.3 £ 2.9 %, a percentage of YO-PRO-1-/PI-and YO-
PRO-1+/PI+ sperm of 41.2 £ 2.9 % and 39.7 £+ 2.6 %, respectively, and Mitotracker+/ YO-
PRO-1- 01t 39.0 £ 3.0 % (Table 1). Highly significant differences were observed between the
two groups of males with different freezability. Thus, males with poor freezability showed a
SMI of 15.0 + 2.5 %, a YO-PRO-1-/PI- 0f 20.7 = 1.4 %, a YO-PRO-1+/PI+ 0of 61.6 = 2.3 %
and a Mitotracker+/YO-PRO-1- of 20.2 + 1.3 %, while for the group of three males with
good freezability, a percentage of 52.5 + 1.4 % for the SMI, a 55.8 £ 0.3 % and a 25.1 £ 1.7
% for the YO-PRO-1-/PI- and the YO-PRO-1+/PI+, respectively, and a 55.8 + 4.0 % for the

Mitotracker+/Y O-PRO-1—, were observed.
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3.2. SVM model training

The 1369 sperm tracks from 6 stags with large differences on their freezability were
manually classified into subpopulations based on their motility characteristics observed at 2
hours of incubation after thawing (Table 2 and Figure 2). Four motility patterns were clearly
defined: a subpopulation of weak motile spermatozoa (SP1) characterized by its low velocity
(VAP =14.13 +£ 0.36 pm/s) and very low linearity (LIN =24.29 + 0.51 %) with low lateral
head displacement from the path of movement (ALH = 1.72 + 0.03 um); a subpopulation of
spermatozoa with a vigorous progressivemovement (SP2: VAP = 78.41 + 1.88 um/s; LIN =
56.12 +0.79 %; ALH =3.97 £ 0.11 um); a transitional subpopulation (SP3) that showed
decreasing speed (VAP = 61.02 £ 0.95 um/s) and linearity (LIN =31.17 + 0.50 %) comparing
with SP2, but with an increasing lateral head movement (ALH =4.69 = 0.09 um); and a
hyperactivated-like subpopulation (SP4) characterized by fast spermatozoa (VAP =102.01 +
0.98 um/s) with low linearity (LIN = 20.48 + 0.49 %) and a considerable lateral head
movement (ALH = 6.42 + 0.10 pum). Total sperm tracks were characterized as follows (mean
+ SD): 55.0 &£ 27.2 % as weak motile, 10.2 + 7.7 % as progressive, 18.8 = 11.3 % as
transitional and 16.0 £ 16.4 % as hyperactivated-like. When we compared between males
with poor and good freezability, the sperm distribution was (mean = SD): for the poor
freezers, 77.7 £ 17.2 % as SP1,3.8 £ 1.8 % as SP2, 16.6 £ 17.2 % as SP3 and 2.0 £ 2.1 % as
SP4; for the good freezers, 32.4 = 5.4 % as SP1, 16.6 4.8 % as SP2, 21.0 + 2.7 % as SP3
and 30.0 £ 9.0 % as SP4. Differences between both poor and good freezers in the distribution
of all the subpopulations were significant (p < 0.05). Characterization of sperm into these four
subpopulations can be graphically observed on Figure 2A, as well as for the group of males

with poor (Figure 2B) and good (Figure 2C) freezability, separately. Once sperm tracks were
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visually assigned to the different subpopulations based on their motility patterns, the database
was split into the fraining set and the testing set. A total of 720 sperm tracks (120 per male)

were randomly chosen to be the fraining setf and then used to generate the SVM equations.

3.3. Accuracy of sperm classification by different mathematical approaches
A testing set including 649 sperm tracks belonging to the 6 stags with different

freezability were used to test the accuracy of the SVM method and the k-means, hierarchical
and multi-step clustering procedures. This festing set included 267 weakly motile, 91
progressive, 119 transitional and 172 hyperactivated-like sperm tracks. Table 3 presents the
how different statistical procedures performed the sperm classification. The SVM method
performed the most accurate classification showing an error rate of only 0.049 (~ 5 %). Thus,
almost all the sperm were well-classified into their subpopulations using the SVM model
generated from data in the fraining set (Figure 3A). The sperm characterization obtained
using the non-hierarchical clustering and the multi-step methods were quite similar, with error
rates of 0.197 and 0.216, respectively. These two methods well-identified the sperm with a
weakly movement, and the transitional and hyperactivated-like subpopulations, but showed
problems when identifying the sperm characterized by progressive movement (Figures 3B
and 3D). The hierarchical clustering was the method that performed the less accurate
classification, with an error rate of 0.537. This method showed an erratic classification of
sperm, with more than half of sperm tracks being miss-classified (Figure 3C). Correlations
between sperm parameters used to evaluate the freezability of a male and percentages of
different subpopulations of males were calculated for each classification method (Table 4).
The method showing the highest correlations was the SVM method, being the four

subpopulations significantly correlated (p < 0.05) with the SMI and the sperm parameters
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evaluated by flow cytometry. Meanwhile, non-hierarchical clustering methods showed lees
strong correlations and only the SP4 showed significant correlations with the sperm
parameters used to determine the freezability of males. Therefore, the SVM method resulted
to be clearly superior to the unsupervised clustering methods when looking for a

subpopulations distribution that best correlates with freezability of males.

3.4. Characterization of the sperm motile subpopulationsin the I berian red deer

Finally, we made used of the SVM model previously obtained to characterize the
motile subpopulation structure in the Iberian red deer and related with its freezability. The
6542 sperm tracks recorded from the 25 Iberian red deer stags were loaded into the SVM
model and then classified into four subpopulations, obtaining the following average
distribution within a male (mean + SD and range): 56.0 = 19. 7 % [27 — 92 %] of sperm tracks
were classified as weak motile; 10.8 = 6.8 % [1 — 24 %] were classified as progressive; 20.8 +
9.5 % [5 — 41 %] were classified as transitional; and 11.4 + 11.6 % [0 — 40 %] were classified
as hyperactivated-like. The characteristics of the four motility patterns identified in the Iberian
red deer (Tabla 5) were similar to those described in the training set (Table 2).

To explore the relations between these four sperm subpopulations, we performed a
principal component analysis. We retained the first two principal components based on Kaiser
criterion (Figure 4). The first principal component accounted for 64.1 % of the total variance,
and which could be interpreted as an indicator of non-vigorous movement, so the greater this
value is, the less vigorous the movement is. This principal component allowed differentiating
between males with higher percentages of SP1, and males with higher percentages of SP2 and
SP4, the latter closely related (Figure 4). The subpopulation with a transitional motility

pattern (SP3) was mainly reflected on the second principal component which accounted for
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25.7 % of the total variance. This second component allows differentiating among males with
an average freezability, and could be interpreted as indicator of overall motility. Thus, males

with higher percentages of motile sperm showed greater values for this second component.

4. Discussion

In the present study, we characterize the population structure of motile epididymal
spermatozoa in the Iberian red deer, and we suggest that this distribution could help to explain
the sperm freezability of different males. Contrasting with the statistical methods commonly
used for the characterization of sperm subpopulations, we propose a supervised learning
method, the support vector machines (SVM) procedure, and we show the superiority of this
method over traditional ones.

This study has been aimed to characterize the sperm population structure in the Iberian
stags by finding some subpopulations based on motile characteristics that maximize the
correlation with the freezability of these males. A number of studies have addressed the
characterization of sperm motile subpopulations in thawed samples in several species
[6,9,12,44-48]. Most of them have used unsupervised statistical methods [17], so the
characterization of sperm subpopulation has been conducted without considering any prior
information on freezability of males. This could lead to the sperm population structure
defined by using those clustering methods was no optimal. To our knowledge, few references
are found in the literature on the use of supervised learning methods for sperm analyses. For
instance, Holt [50] used discriminant analysis (a supervised classification system) to assign
cluster memberships to unclustered datasets, using an initial dataset that had been classified

using cluster analysis. In other two studies, Vulcano et al. [51] and, more recently, Goodson et
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al. [42] examined sperm motility patterns under capacitating conditions for ram and for mouse
sperm, respectively, using the SVM methodology.

Here, we examine the sperm distribution of males showing different freezability as a first
step in the identification of sperm subpopulations, and then use this information to generate a
SVM model for the characterization of other semen samples, different to those used to
generate the model. Thus, this study proposes the use of different sources of information, in
this case the SMI, membrane integrity and mitochondrial activity, as a prior knowledge for
the characterization of sperm subpopulations. Individual sperm tracks from 6 stags with
marked differences on their freezability have been assessed and assigned to different motility
patterns, as described in Goodson et al. [42]. This information has been then used to generate
a SVM model that clearly identifies and quantifies four distinct patterns of sperm movement
in populations of Iberian red deer sperm: weak motile, progressive, transitional and
hyperactivated-like.

We have evaluated how the SVM and the non-hierarchical clustering methods performed
the characterization of sperm subpopulations. The SVM has been the most accurate method,
with less than 5 % of sperm being miss-classified, and being the four subpopulations obtained
from this method high significant correlated with the SMI, membrane integrity and
mitochondrial membrane potential used to characterize the freezability of males. By contrast,
non-hierarchical methods have showed errors above 20 %, and only one of the subpopulations
(SP4) have showed significant correlations with those sperm parameters used to characterize
the freezability of males. The characterization provided by these methods has not taken into
account information on the differences in the distribution of sperm between poor and good
freezers and, for that reason, has resulted to be a little different from the characterization

performed by the SVM method. Thus, although we could find differences in the sperm
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population structure defined in this way between males showing poor and good freezability,
this association would be less strong than that expected from the use of the supervised
learning method in which information on sperm motility distribution of males have been used
to develop the SVM model.

Thus, the SVM method has been used to characterize the sperm motile population
structure of frozen—thawed semen in the Iberian red deer, in order to find a subpopulations
distribution that best correlates with freezability of males. Motility data from 25 stags
showing differences on freezability were recorded and loaded into the SVM model previously
generated in the training step. The same four subpopulations with a weak motile, progressive,
transitional and hyperactivated-like motility patterns have been clearly represented in the
sperm population. Significant differences on the distribution of sperm among these four
subpopulations have been observed between males with different freezability. Thus, sperm
characterized by a weak motility pattern (SP1) were predominant in those males with poor
freezability, while for those males showing better freezability, higher percentages of
progressive and hyperactivated-like sperm were observed. Concerning to the transitional
subpopulation, the percentages increased as the sperm quality at thawing increase.

To further explore the relations between the four sperm subpopulations, and to explore
how an overall measure of the sperm population distribution could be useful to characterize
the freezability in the Iberian red deer, we have performed a principal component analysis
(PCA). The PCA rendered a first principal component accounting for 64.06 % of the total
variance, which could be interpreted as an indicator of non-vigorous movement. This factor
would be very useful to discriminate between males showing great differences on their
freezability, but could be less efficient in differentiating between males showing an average

freezability. To the latter, consider the percentage of sperm belonging to the transitional
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subpopulation (SP3) would be of interest. This percentage has been mainly reflected on the
second principal component, which has accounted for 25.69 % of the total variance and could
be interpreted as indicator of the overall sperm motility. Thus, higher values of this second

component have been found in those males showing better freezability

5. Conclusions

In conclusion, Support Vector Machines (SVM) has demonstrated to be very useful tools
when we look for functional correlations between spermatozoa characteristics and freezability
of males. In this study, the SVM method has performed the most accurate classification, being
the subpopulations distribution obtained high significant correlated with those sperm
characteristics used to characterize the sperm freezability of males. The characterization of the
population structure of motile spermatozoa in the Iberian red deer using a SVM method has
resulted in the identification of four subpopulations characterized by different motility
patterns. These subpopulations have showed different distribution among males showing
differences on their quality on thawed semen and, therefore, could be useful to characterize
the freezability of males.

Here, we have used the SVM method to characterize the sperm motile population
structure related with freezability. However, this method can also be useful for other
purposes, among which highlight the study of fertility potential of males. Sperm fertility
studies are now focused on analyses that incorporate multiple variables to examine how
different sperm parameters interact to determine fertility. Semen samples must be subjected in
parallel to several different tests and their outcome should be subjected to multiparametric
analyses in order to provide the highest level of fertility prediction. And it will be within this

field where the SMV method proposed in this study will provide and important support.
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FIGURE LEGENDS

Figure 1. Characterization of semen quality of males after the freezing-thawing procedure in
the Iberian red deer. Numbers indicate males used in this study. Six males with marked
differences on their freezability (closed circles) were used to train de SVM model and to test
the accuracy of different statistical methods. (A) Relation between the proportion of viable
spermatozoa with a stable membrane (YO-PRO-1-/PI-) and the sperm motility index (SMI).
(B) Relation between the proportion of viable spermatozoa with a stable membrane and

proportion of spermatozoa with high mitochondrial membrane potential (Mitotraker+/Y O-

PRO-1-).

Figure 2. Sperm motility characteristics for the 6 Iberian red deer stags used to train the SVM
and to test the accuracy of different statistical methods (A). Four different motility patterns
are identified: weak motile (SP1), progressive (SP2), transitional (SP3) and hyperactivated-
like (SP4). Data is also represented for the group of males with poor (B) and good (C)

freezability, separately.

Figure 3. Sperm subpopulation characterization of the data in the testing set using the SVM
method (A) and the non-hierarchical (B), hierarchical (C) and multi-step clustering
procedures (D). Four different motility patterns are identified: weak motile (SP1), progressive

(SP2), transitional (SP3) and hyperactivated-like (SP4).

Figure 4. Males distribution in the multidimensional ordination space defined by the first two
principal components from the PCA analysis. Numbers indicate males used in this study.

Arrows indicate vectors representing the four motility patterns/subpopulations.
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Table 1. Seminal parameters after freezing and thawing of spermatozoa from Iberian red deer stags.*’**

N SMI (%)  YO-PRO-1-/PI- (%) YO-PRO-1+/PI+ (%) MT+/YO-PRO-I1- (%)
All males 25 3930+£293 39.67 +£2.63 41.22+2.98 38.98 +£3.03
Bad Freezers 3 15.00+£2.50 20.65 +£1.37 61.61 £2.29 20.17+1.27
Good Freezers 3 5250+1.44 55.76 +£0.25 25.13+1.71 55.76 £ 4.04

" Data are mean + SEM

Al parameters differed significantly among different males’ groups (p<0.05)
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Table 2. Kinematics parameters for the four sperm subpopulations defined in the SVM training step.*’T

VCL (um/s) VSL (um/s) VAP (um/s) LIN (%) STR (%) ALH (um) BCF (Hz)
SP1 31.44+0.80 7.87+0.27 14.13+0.36  24.29+0.51 53.25+0.75 1.72+£0.03  3.79+0.13
SP2 110.39+2.85  60.93 +£1.52 78.41+1.88  56.12+0.79  78.07+0.84 3.97+0.11 9.10 £0.27
SP3 11463 £1.85 3544+0.79 61.02+095 31.17+0.50 58.41+0.97 4.69+0.09 9.52+0.27
SP4 168.77+1.96  34.59+0.93 102.01 £0.98 20.48+049  33.80+0.81 642+0.10 9.24+0.22

" Data are mean + SEM

" SP1: weakly motile; SP2: progressive; SP3: transitional; SP4: hyperactivated-like
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610  Table 3. Confusion matrix for predictions in the testing set. For different classification methods, data on diagonal (in bold) represents events (no.
611  of spermatozoa) that were correctly labeled. The error rate is also presented. wt

612

Non-Hierarchical Hierarchical Multi-step SVM
actual Actual Actual actual
predicted SP1  SP2 SP3 SP4| SP1I SP2 SP3 SP4| SPI SP2 SP3 SP4| SP1 SP2 SP3 SP4
SP1 | 239 0 2 0| 118 0 0 0| 256 1 9 0| 266 2 8 0

SP2 0 54 6 7 19 42 98 48 0 43 5 17 0 81 1 1
SP3 28 37 83 20| 130 1 3 18 11 46 20 35 1 6 106 7
SP4 0 0 28 145 0 48 18 137 0 1 15 120 0 2 4 164

Error’ 0.197 0.537 0.216 0,049
613 Error = 1— (sumof confusion matrix diagonal / Number of observations)

614 T SPI: weakly motile; SP2: progressive; SP3: transitional; SP4: hyperactivated-like
615
616
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617  Table 4. Correlations among those sperm characteristics used to classify the six males in the training set as “poor” or “good” freezers and the

ko

618  percentages of the sperm motile subpopulations of males. g

619
SVM NHC

SP1 (%) SP2(%) SP3(%) SP4 (%) SP1 (%) SP2(%) SP3 (%) SP4 (%)
SMI (%) -0.75 0.69 0.81 0.81 SMI (%) —0.58 0.81 0.26 0.81
YO-PRO-1-/ -0.83 0.58 0.89 0.81 YO-PRO-1-/ —-0.31 0.64 -0.20 0.81
PI- (%) PI- (%)
Mitotracker+/ -0.94 0.81 0.77 0.93 Mitotracker+/ -0.09 0.75 -0.20 0.93
YO-PRO-1- (%) YO-PRO-1- (%)

HC MS

SP1 (%) SP2(%) SP3(%) SP4 (%) SP1 (%) SP2(%) SP3 (%) SP4 (%)
SMI (%) —0.58 0.53 -0.58 0.81 SMI (%) -0.58 0.89 0.46 0.81
YO-PRO-1-/ -0.31 0.12 -0.43 0.81 YO-PRO-1-/ -0.31 0.76 0.09 0.81
PI- (%) PI- (%)
Mitotracker+/ -0.09 -0.06 -0.03 0.93 Mitotracker+/ -0.09 0.70 -0.03 0.93
YO-PRO-1- (%) YO-PRO-1- (%)

620 ~ Spearman correlation coefficients are presented

621  ** Significant correlations (p<0.05) are represented in bold.



622

623

624

625

626

Table 5. Sperm characteristics of the four motile subpopulations identified in the Iberian red deer.”

N (%) VCL (um/s)  VSL (um/s) VAP (um/s) LIN (%) STR (%) ALH (um) BCF (Hz)
SP1 56.99 + 19.67 3473 £0.36 9.13+0.13 1641 £0.18 25.68+0.23 53.42+0.31 1.83+0.02 4.42+0.06
SP2 1084 +£6.75 105.80+1.19 59.23+0.64 75.27+0.77 56.96+0.38 79.08+0.39 3.67+0.04 9.82+0.13
SP3 20.77+9.45 11457+0.74 35.02+0.33 60.40+£0.39 30.87+£0.23 5835+043 4.75+0.04 9.74+0.10
SP4 11.40+11.56 159.15+£1.06 31.75+0.52 100.53+0.53 10.79+0.28 31.44+047 592+0.05 9.72+0.13

" Data are mean + SEM

" SP1: weakly motile; SP2: progressive; SP3: transitional; SP4: hyperactivated-like

! Summary of the percentages of subpopulations found on each male (mean + SD).
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Figure 4.
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Figure 3. Ramon et al. 2011
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