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Abstract

Machine Learning is a rapidly expanding field within Artificial Intelligence,
describing the ability for a computer system to learn without being specifically
programmed to do so. This report applied Machine Learning concepts and algorithms
to a dataset of lizard traits using Python’s Pandas and Scikit-Learn libraries. Data
exploration and cleaning were undertaken, including deriving new features and
imputing missing values. Classification and regression algorithms were explored, with
a focus on classification. Classification on the top 15 classes for lizard genus and
family was successful, using Reciever Operating Characteristic's Area Under the
Curve score as the primary evaluation metric. Random Forest classification performed
best on lizard genus, with a small decrease in performance on lizard family. A number
of regression algorithms were explored, including linear, polynomial, Support Vector
Regression, and Random Forest regression. These regression algorithms provided
insight into the relationships between variables, particularly lizard size (snout-vent
length), and number of eggs laid per clutch. The exploration of Machine Learning
techniques was successful, having identified strengths and weaknesses of a range of
algorithms. Future work could entail classification of additional features such as future
extinction, as well as exploring multiple regression.




1. Introduction

Machine learning (ML), a subset of Artificial Intelligence, is the “Field of study
that gives computers the ability to learn without being explicitly programmed” [1, p.
283], a frequently used paraphrase of leading author Arthur Samuel's quote
“Programming computers to learn from experience should eventually eliminate the
need for much of this detailed programming effort” [2].

This report details and justifies the choice a lizard traits dataset. This dataset is
used to demonstrate data cleaning, pre-processing, feature selection and ML
algorithm technigues in Python using the Pandas [3] and Scikit-Learn [4] libraries.
Classification and regression were explored, described, justified, and evaluated. The
code is provided as a Jupyter Notebook, which has been included in Appendix A, along

with a list of library requirements.
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2. Dataset Choice and Justification

This section justifies and explores the chosen dataset, provided in S. Meiri's
paper [5] discussing lizard traits and correlations, though not utilising ML techniques.
The dataset was chosen as it lies within the author's interests, also providing many
opportunities to explore ML techniques. Understanding herpetology allows for
understanding the dataset at a subject level and allowing for identification of any false
or invalid data.

2.1. Dataset Context

Application of statistical analysis and ML techniques on reptile data has been
extensively explored [6]-[15]. This assignment aims to further explore application of
ML techniques to zoological data. The dataset has a range of categorical and
numerical features. Potentially useful features are listed in Table 1. The full table of
features is provided in Appendix B. The dataset contains approximately 6,500 records.

Table 1: Useful dataset features

Feature Name Data Type
Binomial Categorical
Genus Categorical
Epithet Categorical
Year of description Integer
Country described from Categorical
main biogeographic Realm Categorical
Latitude centroid (from Roll et al. 2017) Decimal
Longitude centroid (from Roll et al. 2017) [Decimal
Insular endemic Boolean (yes / no)
Maximum SVL Decimal
Female SVL Decimal
Hatchling/neonate SVL Decimal
Leg development Categorical
Activity time Categorical
Substrate Categorical
Diet Categorical
Foraging mode Categorical
Reproductive mode Categorical
Smallest mean clutch size Decimal
Largest mean clutch size Decimal
Youngest age at first breeding (months)  [Integer
Oldest age at first breeding (months) Integer
Minimum mean Tb Decimal
Maximum mean Th Decimal
Family Categorical
IUCN redlist assessment Categorical
IUCN population trend Categorical
Extant/Extinct Categorical
Geographic Range Categorical, list
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2.2. Dataset Purpose

Using this dataset aims to demonstrate classification and regression algorithms.
Classification was the primary focus, used to classify genus and family. Regression
was used to predict feature values. These algorithms could be used on larger datasets,
aiding in making new classifications, and validating known classifications.

2.3. Data Pre-processing and Exploration

Prior to utilising ML algorithms, the dataset was explored, pre-processed, and
new features were derived from existing ones.

Principle Component Analysis (PCA) was not explored, as data exploration and
ML algorithms had already been programmed before PCA was discussed in class.

2.3.1. Data Cleaning

Where appropriate, one-hot encoding was performed on categorical features to
enable using them in ML algorithms [16]-[18], along with converting “yes” / “no”
features to Booleans.

Imputation was performed on features which consisted of at least 70% valid
values - a mid-point between retaining features and a low proportion of imputed data
[19]-[23], though this would ideally be higher. Figure 1 shows developed code to
impute values of numerical features. The median value was chosen for numerical data
over the mean as it reduces the impact of outlier data points. A similar approach was
used to impute categorical values, instead using a mode imputer.

# Features to impute medians of

numerical_features = ["year of description”, "latitude centroid”, “"longitude centreoid”, "distance from equator”,
"maximum sv1", "female svl", “hatchling/neonate sv1", “smallest clutch", "largest clutch",
"mean clutch size", "mean body temperature"]

# A List of the features which were kept after imputing, i.e. have enough non-null values
# This is used for normalisation Later
numerical_features_kept = []

# Empty datafrome te add to
imputed_rep_traits = pd.DataFrame()

# Columns Lless than this proportion of values intact will be ignored
NON_MISSING_THRESHOLD = 8.7@

# For every numerical feature
for feature_name in numerical_features:
# If more than a specified amount of the data is not null, impute and then add it to a new dataset
if GetCountMNumericalVals(rep_traits, feature_name) > (len{rep_traits.index) * NON_MISSING_THRESHOLD):
imputed_rep_traits[feature_name] = ImputeMedian(rep_traits, feature_name).reshape(-1 -1)
numerical_features_kept.append(feature_name)

Figure 1: Numerical value imputation code
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Numerical features of the dataset were normalised to improve algorithm

performance, using the code in Figure 2.

wrmalise all of the values that are numerical in our imputed dataframe
n sklearn import preprocessing
_max_scaler = preprocessing.MinMaxScaler()

wr each feature, normalise it and replace the original with the normalised
feature_name in numerical_features_kept:

column_values = imputed_rep_traits[feature_name].values.reshape(-1, 1)
column_values_scaled = min_max_scaler.fit_transform(column_values)
imputed rep traits[feature name] = pd.DataFrame(column values scaled)

Figure 2: Feature normalisation code

2.3.2. Feature Selection and Augmentation

Some features contained few valid values, ranging from 700 to 1,200. These
were omitted from classification models as they were unlikely to affect classification
results while allowing for classification with less imputed values - increasing model

performance.

Algorithm-specific feature selection is discussed in each algorithm’s Section (3.1

and 3.2). New features were derived from existing ones — described in Table 2.

Table 2: Derived features

Feature Name Calculation Method Data Type
. Mean of oldest age at first breeding (months)
Mean breeding age (months) and youngest age at first breeding (months) Integer
Mean clutch size Mean of minimum and maximum clutch sizes | Float
Clutch size range Largest clutch - smallest clutch Integer
Mean body temperature Mean of minimum and maximum body Float
temperatures
Maximum body temperature -
Body t t o Float
ody femperatire range Minimum body temperature °oa
Average SVL gl\e’fn of hatchling/neonate SVL and maximum Float
Neonate to adult SVL range Maximum SVL - neonate/hatchling SVL Float
Normalised SVL range Neonate to adult SVL range + average SVL Float
Distance from equator Absolute value of latitude centroid Float
Number of commas in geographic range + 1,
Number of countries present in | e.g. ("Cyprus, Lebanon, Syria, Turkey") has 3 | Integer
commas, thus 4 items
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2.3.3. Exploring Correlations

A correlation matrix heatmap evaluated correlations between appropriate
features, shown in Figure 3. A trend in this matrix is blocks of correlations (white),
where related features correlate strongly (0.7 to 1.0). Not all calculated columns had
meaningful correlations.

From these findings, correlations were further explored for relevant features,
including scatter plots and correlation coefficients, shown in Figure 4.

Correlations
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Figure 3: Correlation matrix for all features

After removing uninformative features, remaining correlations were mostly weak
to moderate (~0.4 to ~0.6), with some strong correlations, above 0.8. These
correlations appear to have a mix of linear and polynomial trends, although some are
noisy.
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3. Machine Learning Algorithms

This section describes classification using Random Forests (RF), and regression
using a variety of algorithms, evaluating their suitability and performance given specific
goals as discussed in Section 2.2. Common Scikit-Learn ML workflow code is shown
in Figure 5.

# Get the features to be used
X = exampleDataFrame.iloc[:, :-1].values # X contains the independent variable
y = exampleDataFrame.iloc[:, 1].values # Y contains the dependent variable

# Split the data 88:28, train:test
from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=8.2, random_state=8)

# Select the model
from sklearn.linear_model import LinearRegression
1lin_reg_model=sklearn.linear_model.LinearRegression()

# Train the model

lin _reg model.fit(X train, y train)
print(lin_reg_model.intercept_)
print(lin_reg_model.coef_)

# Predict for the test set
y_pred = lin_reg_model.predict(X_test)

Figure 5: Scikit-Learn machine learning program flow
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3.1. Random Forest Classifiers

Random Forests, proposed by Tin Kam Ho in 1995 [24], output the mode
classification result of a multitude of decision trees (DT) [25], [26], [27, p. 189], [28].
DTs perform sequential splits of data in a tree-like structure, commonly binary trees
[25], [27, pp- 175-179], [29]. RF is a supervised learning algorithm; it trains a model
using correct labels to classify new data points. Random Forests were chosen due to
their high performance compared to alternative algorithms, despite their tendency for
overfitting [25], [26], [29], [30].

Lizards' genera and families were classified. Animal genus is more specific than
family as shown by Encyclopaedia Britannica [31], included in Appendix C, which may
affect classification performance.

The following features were used for classification, determined through
background knowledge and experimentation:

Leg development

Activity time

Substrate

Maximum Snout-Vent Length (SVL)
Latitude centroid

Longitude centroid

Insular endemic

Reproductive mode

Diet

The most frequent 15 classes were used for classification. This increases validity
by ensuring only classes with high sample counts were used.

3.1.1. Classifying Genus

For classifying the lizards’ genus, a default, un-pruned DT achieved accuracy of
0.89, precision, recall and F1 scores of 0.87. Pruning had little effect — the only impact
came from setting the maximum number of leaf nodes to 150, providing a negligible
improvement of 0.01 to all scores. Any other pruning reduced performance -
suggesting that even such a complex tree is still underfitting the test data. A default
RF classifier performed identically to the pruned decision tree, though limiting the
number of features per decision, and limiting the maximum depth increased
performance as shown in Table 3. If this dataset were larger, the performance impact
of RFs may outweigh the rate of improved classification, but more data may improve
performance and efficacy of RFs. A sample of one of the RFs trees is included in
Appendix D.
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See in Figure 6 the confusion matrix for the genus classifier, showing very few
confusions between genera.

Amphisbaena
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y Y L 50
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2 Lerista
< Liolaemus 40
Sceloporus
P 30
Sphaerodactylus
Sphenomorphus 20
Stenocercus
Trachylepis 10
Varanus 0
2222582884528 33¢23
2 g g 4 g 3 2
2 228382 E 8562 &6
2 < E s §g Y § J s 5§ 5 8 2 s
= e O B =) ° ® 8 E 2 © =
a . L8 E 3 8 2 g g ©
E © = 5 S 5 & ©
< &) I 2 =
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Figure 6: Genus classification RF confusion matrix

A Receiver Operating Characteristic (ROC) curve was used to evaluate the
classifier's performance along with previously discussed metrics. Two approaches

were tested for this:

¢ Predicting the probability (continuous) of a lizard being a member of each
class, versus being in any of the others, as discussed by Géron [27, pp.
98-100]. This is shown in Figure 7 (zoomed in).

* Using the scikit-learn OneVsRestClassifier [32], predicting the genus
class (discrete) of each lizard, shown in Figure 8.
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Figure 8: Genus RF classification OneVsRestClassifier ROC curve
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The probability method overestimates the classifier's performance as it does not
predict discrete values, as discussed in [33], thus not meeting the goal of using this
algorithm. The OneVsRestClassifier's Area Under the Curve (AUC) scores ranged
from 0.84 to 1.0, being more representative of the classifier's performance, agreeing
with its confusion matrix. Therefore, the OneVsRestClassifier method was used for
ROC curves hereafter.

Table 3 compares classifiers for genus prediction, visualised in Figure 9. RFs
considerably outperform Stochastic Gradient Descent (SGD) and marginally
outperform DTs and even SVMs.

Table 3: Classifier performance comparison for genus

Classifier Performance for Genus Prediction
. - Stochastic Grad. Support Vector

Classifier Decision Trees Random Forests Descent Classifier Machines

n_estimators: 100 i
Best Hyper- max_leaf_nodes: 150 max_features: 6 penalty: "I1 C: 1000
parameters max_depth13 max_iter: 50
Accuracy 0.90 0.92 0.77 0.88
Precision 0.88 0.91 0.78 0.86
Recall 0.88 0.91 0.75 0.87
F1 0.88 0.90 0.75 0.86
AUC Min. 0.79 0.82 0.50 0.70
AUC Max. 0.98 1.00 1.00 1.00
AUC Mean 0.92 0.97 0.75 0.93

Genus Classification Performance

1.00

0.90

0.80

s
0.70
0.60
0.50

Score

0.40
0.30
0.20

0.10

0.00
Accuracy Precision Recall F1 AUC Min. AUC Max. AUC Mean

—+—DT —+—RF —e—SGD -—+—SVM

Figure 9: Genus classification performance visualisation
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3.1.2. Classifying Family

Classifying family showed similar trends to classifying genus. RFs performed
marginally better than DTs, with unpruned RFs achieving accuracy of 0.78, precision
of 0.75, recall of 0.72, and F1 of 0.73. Pruning the RF trees marginally improved
performance.

As seen in the confusion matrix in Figure 10, some lizard families were classified far
better than others. Classes with more distinct features were classified better, for
example, Amphisbaenidae (Worm Lizards) are distinct in their lack of legs. Classes
with many similar features were often confused, for example Agamidae and Scincidae.
This indicates that a larger range of features could be beneficial.

Family classification performed poorer than genus classification. Each family
consists of many genera, and thus there is more variance in a family than genus — in
an ML context, family data is noisier than genus data. No DT visualisation is provided
for family classification due to its complexity.

Similar lizard families being
confused due to shared traits.

Agamidae 1=
Amphisbaenidae
Chamaeleonidae
Dactyloidae =200
Diplodactylidae
Gekkonidae
150

Gymnophthalmidae

Lacertidae

Actual

Liclasmidae
C
Phrynosomatidae X
Phyllodactylidae
Scincidae

30
Sphaerodactyhdae

Teiidas

Tropidundae

Agamidae
ae
Lacertidae
dactylidas
Scincidae
Telidas

Amphisbaenidae
Chamaelecnidae
Dactyloidae
Diplodactylidae
Gekkonidae
Liclagmidae
Tropiduridae

Phyll

Phrynosomatidae
Sphaerodactylidae

Gymnophthalmid;

Predicted

Figure 10: Family classification RF confusion matrix
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As shown in the ROC curve in Figure 11, RF classification of lizard family
performed well. Most classes were predicted with around 0.8 AUC score, ranging from
0.70 to 0.95. The ROC curve highlights a poorly classified family (Teiidae, AUC 0.70),
which was not shown in the confusion matrix.

Family Multi-class ROC curve with AUC scores

08 |

micro-average ROC (AUC = 0.85)
ROC curve of class Scincidae (AUC = 0.86)
—— ROC curve of class Gekkonidae (AUC = 0.94)

.—— ROC curve of class Agamidae (AUC =0.77)
»+7 —— ROC curve of class Dactyloidae (AUC = 0.90)
= —— ROC curve of class Lacertidae (AUC = 0.74)
04 1 ” ROC curve of class Liolaemidae (AUC = 0.92)
s —— ROC curve of class Gymnophthalmidae (AUC = 0.88)
[ A ROC curve of class Sphaerodactylidae (AUC = 0.74)
4 —— ROC curve of class Chamaeleonidae (AUC = 0.77)
|| td —— ROC curve of class Amphisbaenidaa (AUC = 0.95)
0.2 - —— ROC curve of class Teiidae (AUC = 0.70)
- —— ROC curve of class Phrynosomatidae (AUC = 0.80)
o —— ROC curve of class Diplodactylidae (AUC = 0.88)
L —— ROC curve of class Phyllodactylidae (AUC = 0.77)
= —— ROC curve of class Tropiduridae (AUC = 0,70)

0.6

True Positive Rate

00 *

0.0 0.2 0.4 0.6 08 10
False Positive Rate

Figure 11: Family RF classification OneVsRestClassifier ROC curve

Table 4 compares classifiers for family prediction, visualised in Figure 12.
Similarly to genus prediction, the SGD classifier performed worst, with RFs being
slightly ahead of DTs and SVMs.
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Table 4: Classifier performance comparison for family

Classifier Performance for Family Prediction
Classifier Decision Trees | Random Forests | olochastic Grad. | Support Vector
Descent Classifier Machines
Best Hyper- ) max_depth: 16 penalty: "I1" )
parameters meax_depth: 11 max_features: 7 max_ter: 50 © 1000
Accuracy 0.74 0.80 0.65 0.77
Precision 0.72 0.78 0.67 0.76
Recall 0.70 0.75 0.50 0.72
F1 0.70 0.76 0.51 0.73
AUC Min. 0.74 0.70 0.50 0.55
AUC Max. 0.94 0.95 0.90 0.98
AUC Mean 0.89 0.87 0.75 0.84
Family Classification Performance

1.00

0.90

0.80

0.70

0.60

L
083 0.50

0.40

0.30

0.20

0.10

0.00

Accuracy Precision Recall F1 AUC Min. AUC Max. AUC Mean
—e—DT —+—RF ——S5GD ——SVM

Figure 12: Family classification performance visualisation
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3.2. Regression

Regression is a supervised ML method consisting of many algorithms and
approaches. Regression determines the correlation between an independent and
dependent variable, allowing for prediction of the dependent variable [34]-[37]. Linear
Regression (LR) is a basic and early method which remains extremely useful, as
discussed by leading authors [27], [38]. Polynomial Regression (PR) allows for
prediction on data with more complex correlations, by modelling relationships as nth
degree polynomial features [36], [39], [40]. Both LR and PR were used to predict
feature values.

Due to the low count of values, imputation was not performed. The following
features were used for regression due to their correlations:

Average SVL

normalised SVL range for mean
Mean clutch size

Mean TB

TB range

minimum mean TB

Maximum mean TB

Smallest clutch

Largest clutch

Page 15




3.2.1. Predicting Mean Clutch Size and SVL based on Normalised

SVL Range

SVL, a measure of lizard size, was used to calculate the normalised SVL range

feature. The relationship between normalised SVL range and mean clutch size
appears polynomial. Regression was explored using several polynomial degrees as
shown in Figure 13. Performance metrics and overlapping regression lines show that
performance improved slowly until order 4, reaching diminishing returns.

Normalised SVL Range for Mean to Mean Clutch Size

1.0
—— Linear -RMSE:0.0747, AME: 0.0514
=== Order 2 -RMSE:0.0693, AME: 0.0439 .
Order 3 - RMSE: 0.0677, AME: 0.0430
08 Order4 - RMSE: 0.0674, AME: 0.0427
- Order 5 - RMSE: 0.0674, AME: 0.0427
= QOrder6 -RMSE:0.0673, AME: 0.0426 .
& - ’
@D 0.6 . .
= .
Q
=
(&)
&
a 04
=
0.2
00 -
0.0 02 04 0.6 08 1.0

Normalised SVL Range for Mean

Figure 13: SVL range to mean clutch size polynomial orders

The relationship was further explored using RF regression and Support Vector
Regression (SVR). The regressors performed similarly with their best
hyperparameters, shown in Figure 14. An overfitting regressor example is also shown.
RF regression achieved the lowest RMSE, while SVR achieved the lowest AME
despite slow performance, though both were within margin of error.
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Figure 14: Normalised SVL range to mean clutch size, regressor comparison
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Average SVL to mean clutch size has a mostly linear, gradually uplifting trend.
Linear and polynomial regressors were fitted, along with RF regression, shown in
Figure 15. Linear performed the worst, with order 4 polynomial regression performing

the best, tied with tuned RF regression. There was negligible improvement to RMSE
and AME with higher orders than 3.

Normalised SVL Range for Mean to Average SVL

1.0
= Linear - RMSE: 0.0744, AME: 0.0404
== QOrder 2 - RMSE: 0.0659, AME: 0.0351
Order 3 - RMSE: 0.0637, AME: 0.0337
0.8 Order 4 - RMSE: 0.0636, AME: 0.0336
’ —— RF Reg (max_depth=2) - RMSE: 0.0636, AME: 0.0336
o 06 -
>
5]
@ . .
g '
g .
< 04 . 1
0.2
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Normalised SVL Range for Mean

Figure 15: Normalised SVL range to average SVL regression
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3.2.2. Predicting Largest Clutch Size from the Mean

Mean and maximum clutch sizes correlated strongly, as anticipated. This
relationship is insightful in predicting the theoretical maximum given a mean. Standard
linear regression and a linear SVR were applied and compared. Both produced
excellent RMSE and AME results as shown in Figure 16. Once tuned, they performed
almost identically, as seen inthe overlapping lines and performance metrics. The SVR
regressor did not benefit meaningfully from modifying hyperparameters.

Mean Vs Largest Clutch Sizes

1.0
= LinearRegression(), fit_intercept=False - RMSE: 0.0198, AME: 0.0111
= |inearSVR(} - RMSE: 0.0198, AME: 0.0111
0.8
)]
N
0 06
=
=2
=
Q
W
@
2 04
5]
|
0.2
0.0
0.0 0.2 0.4 06 0.8 1.0

Mean Clutch Size

Figure 16: Mean clutch size to largest clutch size regression

3.2.3. Average SVL to Clutch Size

Lizard size correlates with the number of eggs laid, though with a wide range.
Figure 17 shows various regressors, appearing to not fit the test data. Figure 18
shows the same results with lower alpha values for data points, highlighting a dense
group which aligns with regression trendlines. Polynomial order 2 had the best
RMSE, though the linear SVR had the best AME, despite having the worst RMSE.
Had this dataset contained more data, this dense trend is expected to be more
concentrated, as such the SVR trend line is probably the most accurate.
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Figure 17: Clutch size to SVL - high alpha
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Figure 18: Clutch size to SVL - low alpha
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3.2.4. Mean Body Temperature to Predict Range and Maximum

Mean to range of body temperature was insightful. As mean body temperature
decreased, range increased. Except for RF regression, hyperparameter tuning had
little impact. RF regression performed best by a small margin, with the standard
LinearRegression() and SVR performing similarly, as seen in Figure 19. Despite RF
regression performing best, it is likely that linear is most indicative of the trend.

Body Temp. Range to Mean

1.0
LinearRegression() - RMSE: 0.1427, AME:0.1158
RF (max_depth=2) - RMSE: 0.1382, AME: 0.1122
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Figure 19: Range to mean body temperature regression
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Regression on mean to maximum body temperature provided interesting results.
Highly correlated, as anticipated, but with less noise than expected, the trend becomes
less noisy as mean temperature increases, as shown in the regression lines' slopes.
Tuned RF regression performed the best, reflective of the noise in the data — followed
closely by both linear regression algorithms, seen in Figure 20.

Mean to Maximum Body Temp.

1.0 3
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Figure 20: Mean to maximum body temperature regression
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4. Conclusion and Future Work

This assignment has explored machine learning techniques including data
analysis and clean-up, classification, and regression algorithms. Classification
performance was strong, while regression was insightful. Findings aligned with initial
discussion by S. Meiri, especially the relationship between mean and maximum clutch
size, and body size to clutch size.

Future work could encompass classification of further features such as future
extinction, and multiple regression using several features. Background knowledge of
reptiles did not align with some findings, such as the relationship between lizard size
and clutch size being inverse to what was expected. This could be further explored.
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Appendices

Appendix A

Library dependencies:

matplotlib

cartopy — not essential
numpy

pandas

sklearn

0s

sys

six

io

IPython

Pydotplus — not essential
seaborn

warnings — not essential

Code included on the following pages.
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Initial Setup and Fetching the Data

Import libraries, set up any general parameters, and fetch the dataset from a remote
source

matplotlib mpl
matplotlib.pyplot plt
ccrs
np
pd

urllib
ection
on_matr

r
line
stClassifier

label binari
tClassifier
Re ;
mak

Polynomial Featur

r ion

Linea
SVR
el
make pip
StandardScaler
cr val predict

warnings

warnings.filte
mpl.rcParams[

CURRENT_DIR = .path.dirnam .path.realpath(
NEW_DATA DIR =

DATASETS_DIR = CURRENT_DIR + + NEW_DATA_DIR

def FetchDat
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join(DATASETS_DIR,
data_url, dataset_path)

0l1ling unle 1ly tall

limportant;
none !important;
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Read the Dataset into a Pandas DataFrame Object, and
Select Features

Read the dataset and do some basic tidying up, mainly:
- Convert feature names to lower case for consistency
- Remove features which are not useful, such as those with remark or references

- Rename some features to be shorter and/or clearer

oadData(file name, data_path=DATASETS_DIR)
_path = th.j (data_path, file name)
return pd.r cs v_path, encoding =

rep_traits = LoadData(

rep_traits = rep_traits.drop(columns=[

(columns={

columns={

rep_traits = rep_traits.rename(columns= . lower)

rep traits.head()
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Data Cleaning and Augmentation
First, let’'s work with numerical features

Create new, more useful features, from existing ones
Calculate new features, for example some means, ranges, subtract two columns etc.
] = rep_traits|[

op([
,» inplace=

rep_traits[ ] = rep_traits[
[ ¢ ]1].mean(
rep_traits[ ] = rep_traits[ ] - rep_traits|[
J
rep_traits[ ] = rep_traits|[
[ N ]].mean(axis=1)

rep_traits[ ] = rep_traits| .astype( ) (rep_traits[
].astype( )

] = pd.to_numeric(rep_traits[
] = pd.to_numeric(rep_traits| ], errors= )]
] = rep_traits[ ].astype( } - rep_tr
] .mean(axis

] = rep_traits[

p_tFaits[

rep_traits| ] = (rep_traits[

rep_traits[ ] = rep_traits[

rep_traits.drop( ], axis=1, inplace=
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Data Exploration

Show correlations for all remaining columns

columns=[

lumns={
inplace=
lumns
J
(columns={

, 1inplace=
inplace=

fonts

sn.heatmap(corr i annot= )
)
plt.shc
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Narrow down correlation features

Pick some of the best and then look in more detail at those. Also check their
correlations

attribs=[

[.5], marke ~ r], alp , Cmap=
vmin=-1, vmax=1, X

, height=7)

g.map
g.map_,
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Context: explore location of each lizard record

= plt. { ection=ccrs.PlateCarre
ock_img()

plot([-18e, > [0,
linewidth=i , marker="", lines
(),

Ilo _traits|
, alpha=0.5, ma ="0")

Imputation of missing values

If a feature has at least a specified proportion of values intact, then impute the rest.
If it has few non-empty values, then do not impute, but place into a separate
dataframe to work with independently.

def GetCountNumericall ataframe, featu
return (pd.to_numeric( : e[ fe ‘ err )).notnull(). ()

GetCount
return (

ImputeMedian(dataframe, feature_name)

dataframe[feature_name] = pd.to_numeric(dataframe[feature_name], er

median_imputer = SimpleImputer(missing values=np.nan, strategy=

return median_imputer.fit_transform(dataframe[feature_name].to_numpy().resh

ImputeMode atrame, N
mode_impute ) € er( ng_values=np.nan, strategy=

return mode_imputer.fit_transform( _traits ature_name].to_numpy().

numerical_features = [




categorical |

numerical_featur kept = []

imputed_rep_traits = pd.DataFra

NON_MISSING_THRESHOLD =

for featu in numerical_featu

re_name

imputed_rep_traits[feature_name] = Impute

feature_na

numerical_ featu ept.append(feature_|

for feature_name in categ
( tCountNotNullVal
feature_name )]

featu

untNotNullVals(rep_ traits, feature_nam

_THRESHOL|
imputed_rep_traits

_name] = Impute

(imputed
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(rep_traits, feature_nam

(rep_traits.index) *

_traits, feature_nar
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* NON_MIS
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Normalise the numeric columns

min_ma

for featu
column_v

column_valu

m{ column_v
imputec

ylumn_valu

Working with boolean values

Because the Simplelmputer doesn't support booleans, these will be converted to
bools after the imputation

imputed 3 ] = imputed_rep_traits[

imputed 5 ] = imputed rep traits|

]
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Decision Tree Classification: Predicting Genus and Family

First let’s classify for reptiles’ genus

A genus is a taxonomic term for classifying living things. It is more general than
species, but more specific than family

The first step is to make a new dataframe with only what is used for
this classification

_df, pd.get_dummies(genus_class_df[feature_name]

is=1, inplace= )

].value _counts()[:num_most common].index.tolist

,_df = genus_class_df[genus_cl ].isin{most_common_gen

_df.index)}")
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Training, fitting, predicting, and evaluating for reptile genus

_df.d
_df[

, y_train, y test = train_test split(X, y, test_s , random_state =

)

n_estimators = . featu

sn. (font_scale
sn.heatmap(confu

plt.st

fication
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Show one of the Random Forest’s Decision Trees

.replace(

timator = cla i

dot_data = StringIO()

ort_graphv imator, ot_data,

7
,feature_names = genus_class_df.drop(
).columns,
ounts()[:num_most_common].ind
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ROC Curve and AUC Scores

Use a OneVsRestClassifier, passing it our RandomForestClassifier. Here we only
use predict() to get class predictions, and not predict_proba(), as this produced
unrealistically optimistic ROC curves, as discussed in the report.

X = genus_class_df.drop(
y = genus_cl

st_common_genus

X_train, X_test, y train, y test = train_test split(X, y
rando

ifier(random_state = @, n_estimators =

classifier.fit(X_train, y train)

y_score = classifier.predict(X_test)

fpr = ()

tpr = ()

roc_auc = ()

for i in (n_cla
fpr[i], tprli], _
roc_auc[i] = auc(fpr[i]

fpr[ 1, tprl 1, _ = roc_curve( est.ravel(), y_ .ravel())
roc_auc[ ] = auc(fpr[ 1, tpr[ 1)

plt.figur
plt.plot(

label=

iin (n_cla
plt.plot(fpr[i], tpr
roc_auc[i]), linewidth=

.plot([e, 1], [@,
xlim([-
Lylim([

)

)
.legend(loc= » prop={
.show()




Now let’s classify for reptiles’ family

Like a genus, a family is another way of classifying and ordering living things. A
family is more general than a genus, but more specifidc than an order. Therefore,
this will be predicting a more general classification than previously

family class df = pd.concat([imputed |
imputed_

imputed_
imputed_|
imputed
], ax

family _df, pd.get_dummies(family class_df[feature_na
me], pr
family cla e_name],axis=1, inplace= )

num_most_common =
].value_counts()[ :num_most_common].index.tol

t_common_families)]

family class_df = family class_df[family class_df[ ].isi

(family class df.ind
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Training, fitting, predicting, and evaluating for reptile family

= family_class_df.drop(
family class_df[

X_train, X_test, y train, y_test = train_test_split(X, y, te i , random
state = B)

classifier = RandomForestClassifier(random_state = 8, n_estimators = , max_dept
, max_features = 7)

classifier.fit(X_train, y train)
y_pred = classifier.predict(X_test)

actual vs pred = pd.DataFrame({ : y_test, 1 y_pred})

onfusionMatrix = pd.crosstab(actual vs pred[ 1, actual vs _pred[

c
1,

rownames=|[ ], colnames=[

sn. (font_scale = )
sn.heatmap(confusionMatrix, annot= , annot_kws={

plt.show()

(classification_report(y_test, y pred, zero_division=

(accuracy_score(y_test, y pred), 2))
(precision_score(y_test, y pred, average
(recall score(y_test, y_pred, average =
(f1 score(y test, y pred, average = )
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Show one of the Random Forest’s Decision Trees

family class_df.columns = family_cla df.columns. .replace(

estimator = classifier.estimators_[@]

dot_data = StringIO()

export_graphviz(estimator, out_file=dot_data,
filled= , rounc o
cial_charact ,feature_names = family class_df.drop( » axi
= 1).columns,
].value_counts() [ :num most_common].inde
x.tolist())

graph = py
graph i
Image(g
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= family_class_df.drop(
family class_df[

= label_binarize(y, classes=most_common_families)
classes = y.shape[1]

(_train, X test, y_train, y test = train_test_split(X, y, test_size=
random state=0)

classifier = OneVsRestClassifier(RandomForestClassifier(random state = 8, n_estima
tors = , max_features = 7, max_depth = 16))

lassifier.fit(X_train, y_train)

y_score = classifier.predict(X_test)

C_auc = O
iin (n_classes):
fpr[i], tpr[i], = roc_curve(y_test[:, 1], y_score[:, i])
roc_auc[i] = auc(fpr[i], tpr[i])

fpr[ 1, tpr[ 1, = roc_curve(y_test.ravel(), y score.ravel())
roc_auc| = auc(fpr[ 1, tpr[ 1)

plt.figure()
plt.plot(fpr| 1, tpr[

label=

(roc_auc|[
for i in (n_classes):
plt.plot(fpr[i], tpr[i], label=
(most_common_families[i], roc_auc[i]),

linewidth= )

plt.plot([e, 1], [e, 1],

x1im( [
Lylim([

.xlabel( )
.ylabel( )
gtitle(

.legend(loc= , prop={
.show()




Regression

Perform linear and polynomial regression, as well as Random Forest
regression, on a range of attributes with promising trends and
correlations

on_df = pd.concat( _traits
ep_traits

_traits

ep_traits

ep_traits

[
[
[
[
[
[
[
[
[

_traits
ep_traits
)

for feature_name _
column_v | eature_name].value

column_v: _SC& = min_max_scaler.fit_trans
e name] = pd.DataFrame(

Preparel onData(dataframe_src, X_featu

filtered df = dataframe src[dataframe src[X feature].notnull()]
ed_df [y_feature].notnull()]

X_train, ‘ 5 st si , random_state=

trainOrder
y train = y train[t
X_train = X_train[trainOr

packed_test_train_data = { : X _train,

return packed test train data
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Normalised SVL Range to Mean Clutch Size

Polynomial features, so compare different polynomial orders

test_train_data = P ionData(r
);

lin_reg = LinearRe

chartColours = [

, fonts

3 , font_scale=1)
plt.scatter(test_train_data ], test_train_data[ ], color=
alpha=
numberOf0O

for orderValue in (1, numberOfOrders +

mialFeatu

lin_reg.fit(X_poly, test_train_data[ 1)

y_pred = lin_reg.predict(poly_features.fit_transform(test_train_data[

_train_datal
st_train_data[

plt.plot(

(ame, 4)

» linewidth =

plt.shc
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Normalised SVL Range to Mean Clutch Size

Warning: takes an eternity to run!

sion_df,

3

sn. (styl , font scale=1)

plt.scat est_train_data[ ], test_train_data[ ], color=
alpha=

number0f0

], test_train_data[ 1)
st_train_data[

t train_data[

st_train_data[

1)

rf_overfit_rmse = me squared_error(test_train_data[ 1, y_pred_rf_overfit, squared
- ‘]
rf_overfit_ame = mean_absolute_error(test_train_datal 1, y_pred_rf overfit)

poly_fe: es - » includ
X_poly = poly featu .fit_transform(test_train_data[

test train_datal 1)
1y atur fit_transf
_train_data[

t_train_datal[

svm_poly reg.fit(test train data[ ‘ st_train_datal




st_train_data[ 1)

SVM_rmse € quared_err est_train_data[ 1, y_pred_svm, squared =
5 0 ror( _train_dataf[ a s d_swvm)

plt.plot(test_train_data[ ], y_pred rf, colo
linewidth = , label =
( s 4) (rf_ame, 4)

1, y_pred rf_overfit, color =
label =
(rf rfit_ame, 4)

: m, color =
, label =
m_ame, 4)

plt.plot(test_train_data[ ], y_pred poly, color =
linewidth = , label =
(poly_rmse, 4) (poly_ame, 4)

» prop={

})

‘, ERET , linestyle= » linewidth =
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Normalised SVL Range to Average SVL

onData(r

(random_state=08, ma

, fontsi
plt.ylim( . )
sn. (style= , font_scale=1)
plt.scat est_train_data[ ], test_train_data[
alpha=

chartColours = [

e, include_bias =

y pred = 1lin reg.predict(poly features.fit transform(test train data|

rmse = mean_sc ed_ern 1, y_pred, squared =
a = mean_abso " ( _train_dataf[ 1s 3

plt.plot(test_train_data[ ], y_pred, color = chartColours[orderValue
dth = ;

if orderValue ==

(ame,

_train_data| ], test_train_data[ 1)
.predict(test_train_data[ 1)

t_train_data[ 1, y_pred_rf, squared =

est_train_datal 1, y_pred_rf)

plt.plot(test_train_data[ ], y_pred rf, colo
linewidth = , label =
(ame, 4) );
plt.legend(loc=
plt.

plt.gﬁid_cﬁlL -, alpha= , linestyle=

plt.st




Mean and Largest Clutch Size

These correlate very highly and linearly, so use only linear regression here

t train_data[
ain_data[

t_train_dat

y_pred_svm =
r t _train_data[

ed 1in =

est_train_data[
ame_lin = mean_ _train_dataf[

plt.title

[
plt.ylim([

, font_scale=1)
est_train_datal

sn. (sty
plt.scatte
lpha =

], y_pred 1lin,
label =

9

(ame_lin,

1)

‘, ERED linestyle=

3

], test_tr

ion_df,

train_data[
ain_data[

al

squared =

y_pred_lin,
_1in)

squared =

ain_data[

color =

)

linewidth =

3
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Average SVL to Mean Clutch Size

st_train_data[ ], color=
lpha =

numberOfOrders =
for orderValue in

poly_featur
X_poly = po

lin_reg.fit(X_poly, test_train_datal 1)

y pred = 1lin reg.predict(poly features.fit transform(test train data|

r = mean_squared_er ( _train_dataf[
ame = mean_abso ~ror(test train data[

, label =

~Value

1, tes
_train_data

t_train_data[ 1)
[ 1

in_data[ 1, y_pred_rf, squared =
ain_data[ 1, y_pred_rf)

t train data[ ], test train data[ 1)
svm.predict(test_train_data[

t_train_dataf[
_train dataf
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plt.plot(test_train_data[ ], y_pred_rf, color =
, label =
(rf_rmse, 4)

1, y_pred svr, color =

, label =
)]

s prop={

iy

, alpha= , linestyle= , linewidth
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Mean Body Temperature to Body Temperature Range

(random

t train_data[
ain_datal
st_train_datal

onData(r

on_df,

state=08,
)

max_depth =

_train_data[
test_train_data[

t_train_datal[

ain_data[

svm.pPEdicELtest:tPain_data[

"mse = mean_s
rf_ame = mean_a

t_train_data[

_train_dataf[

test train_data[
t_train_data[

_train_dataf[

, font_scale=1)
t_train_data[

lpha =

plt.plot(test_train_data[
linewidth = 9
(ame_lin, 4)

plt.plot(test_train_data[
lin dth =
_ame, 4) )

plt.plot(test_train_data[

linewidth = a
(svm_ame,

plt.legend(loc=

plt.rcParams.update({
plt.xtic )

‘, alpha=

, label =

, linestyle= 9

], test_train_data[

], y_pred lin, c

label =

)

], y_pred_rf, color =

], y_pred _svm, color =

label =

)

linewidth =
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(rf_rmse, 4)

e

(svm_rms




rmse_lin = mean_s " _train_dataf[ 1, v_ _1in, squared =
ame_lin = mean_absolute_error(test_train_data[ 1, y_pred_lin)

rf_rmse : ( or(te rain_data[ 1, y_pred_rf, squared =

rf_ame = mean_. ([ n_data[

_train_datafl s V_prec /m, squared =
_train_datafl

fontsi
, fonts )
, fontsi

plt.ylim([ )

sn. (style= , font_scale=1)

plt.scatte t train_data[ ], test train_data[ ], color=
lpha =

plt.plot( t_train_data[ ], y_pred lin, color =
lin dth = , label =
(ame_lin, 4)

plt.plot(test_train_data[ S
linewidth = (svm_rmse, 4)
(swm_ame )

plt.plot(test_train_data[

(rf_rmse, 4)
(rf_ame,

egend(loc=

plt.rcParams.update({
plt.xticks(fontsi )

, alpha= , linestyle= , linewidth =
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Appendix B

Feature Name Data Type

Binomial Categorical
Genus Categorical
Epithet Categorical

Valid (reptile database; February 2018) |Boolean (yes / no)
Year of description Integer

Country described from Categorical

Main biogeographic Realm Categorical

Geographic Range

Categorical, list

Known only from the only type?

Boolean (yes / no)

Latitude centroid (from Roll et al. 2017)

Decimal

Longitude centroid (from Roll et al.

2017) Decimal

Insular endemic Boolean (yes / no)
Maximum SVL Decimal

Female SVL Decimal
Hatchling/neonate SVL Decimal

Leg development Categorical
Mass_equation (Feldman et al. 2016 Categorical
unless stated)

Intercept Decimal

Slope Decimal

Activity time Categorical
Activity time: comments Text (references)
Substrate Categorical
Substrate: comments Text (references)
Diet Categorical

Diet: comments Text (references)
Foraging mode Categorical
Foraging made (comments) Text (references)
Reproductive mode Categorical
Clutch size Text (references)
Smallest clutch Integer

Largest clutch Integer

Smallest mean clutch size Decimal

Largest mean clutch size Decimal

Breeding age {(months)

Text (references)

Youngest age at first breeding (months) |Integer
Oldest age at first breeding (months) Integer
Me_an bu_dy temperature of active Text (references)
animals in the wild
Minimum mean Th Decimal
Maximum mean Tb Decimal
Family Categorical
Phylogeny Text (references)
Mhylogenetic data Text (references)
IUCN redlist nent Categorical
IUCN population trend Categorical
Extant/Extinct Categorical
Remarks Text (references)
ﬁef:r::geos)(Emlogy: all columns except Toxt (references)
.

References: SVL of unsexed individuals,

. Text (references)
neonates and hatchlings
References: SVL of females Text (references)

References: SVL of males

Text (references)
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Appendix C

How animals are classified

Domain (Domains)
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y"’ Some excellent work here informed by a wide
range of good references.

KNOWLEDGE AND UNDERSTANDING

8.5

[

y‘ A thorough understanding of the principles
involved in cleaning data and applying
classification and regression algorithms.

ANALYSIS

18

[

y"’ A wide range of classifiers evaluated. Perhaps you
could have reduced the number of classifiers and
concentrated on just a few, however the results
here are excellent. You may think about one or two
tables towards the end that bring together the
results for easy comparison. PCA would have bee
helpful but nevertheless some reasonable choices
of features identified using alternative methods.

PRACTICAL APPLICATION AND DEP.

32

[

y"’ Excellent, thorough, informed with appropriate
results. A lot of work has gone into this - Well
done. Comment in general good.

SKILLS FOR PROFESSIONAL PRAC.

27.5

[

* Good use of references. References appropriate of

of a high quality generally.



