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EVALUATING THE PERFORMANCE OF MACHINE
LEARNING MODELS USING METRICS

Nimmy N .Abraham?*,

ABSTRACT
Machine learning has gained widespread popularity in recent

years. It allows us to draw inferences about new situations
using previous data, and there are a wide range of algorithms
available for this purpose. Popular machine learning
algorithms used in the modern day world include linear
regression, naive Bayes, random forests, logistic regression
and also some others like k-means clustering and decision
trees. When making predictions with machine learning, we
often try out multiple algorithms to determine which one

produces the most accurate results on the data.
Keywords: Evaluation Metrics, Confusion Matrix,

Prediction Score, Classification

I.INTRODUCTION
Regression and classification are the two primary types of

models used in machine learning. To make sure a machine
learning model is efficient, it is crucial to assess its
performance[1]. A model's quality can be assessed using a
variety of metrics, commonly referred to as performance or
evaluation metrics. These metrics give us insight into the
model's performance on a specific dataset and can be used to
tweak hyper parameters to enhance the model's performance.
Any machine learning model should be able to generalize
well to new data, and performance metrics can show us how

well amodel can does this.
An important phase in the machine learning process is

assessing how well a trained machine learning model is
doing [2]. A major aspect in assessing whether a model is
adaptive or non-adaptive is its capacity to generalize to data

that have not yet been observed. Before deploying the model
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for production on new data, we may improve its predictive
capability by evaluating its performance using a variety of
criteria. When the model is applied to unobserved data,
making bad predictions might result from failing to
adequately analyze the model using a variety of metrics and
relying exclusively on accuracy. A lack of generalization to
new data can result from the model memorizing the training

data rather than learning from it.

II. MODELEVALUATION METRICS
Model evaluation metrics have the primary aim of measuring

the level of effective completion of a machine learning model
on a given data file. These metrics provide a quantitative
measure of the model's potentiality to make precise forecasts
and can help to identify areas where the model may be
lacking. There are many different evaluation metrics that can
be used, depending on the essence of the data and the

objectives of the analysis.
1. Confusion Matrix
The standard table used to assess a classification model's

efficacy is a confusion matrix[3]. It gives a summary of how
the model's predictions performed in comparison to the

actual results of the data (or labels).
Usually, a binary classification problem is visualized using

the confusion matrix (i.e., a problem with two possible
outcomes). In this case, the table has two rows and two
columns, representing the two possible outcomes of the

classification problem (e.g., "positive" and “Negative”).
The table below demonstrates a confusion matrix for a

binary classification problem

True False
Positive Negative
False True
Positive Negative

Tablel. Confusion matrix for a binary classification
problem
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The top left to bottom right entries in this table reflect correct
predictions, whereas the entries that are off-diagonal

represent incorrect guesses.
"True positive," "True negative," "false positive," and "false

negative" are the four results of a binary classification

problem:
True positive: The model successfully anticipated the

favorableresult (e.g., The affected person isill).
True negative: The model properly foresaw the unfavorable

result (e.g., The affected person doesn’t haveill).[4,5,6]
False positive: The model anticipated the positive result in

error (e.g., the model predicted the patient has the disease,

but they do not).
False negative: The model erroneously forecast a negative

result (e.g., the model predicted the patient does not have the

disease, but they do).
We can assess the model's overall performance as well as its

capacity to accurately categorise various types of outcomes
by taking a look at the values in the confusion matrix. For
instance, if the model is being used to predict an illness, a
significant number of true positives and a limited amount of
false negatives may be more crucial than the number of false

positives.
Some Common evaluation matrix used in machine learning

are as follows:
The percentage of accurate predictions provided by a

categorization model serves as a gauge of its overall
performance. [7, 8] Accuracy in a confusion matrix is
calculated as the sum of true positive (TP) and true negative
(TN) judgments divided by the total number of predictions
[9,10,11,12]. Here is the formula for calculating accuracy

from a confusion matrix:
Accuracy=(TP+TN)/(TP+TN+FP+FN)[13,14]
For example, suppose you have the following confusion

matrix for a binary classification model:

Table2. Confusion matrix
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Using the formula above, the accuracy of the model can be

calculated as:
Accuracy=(8+7)/(8+2+3+7)=0.75
This means that the model made correct predictions 75% of

the time
2. Precision
A classification model's precision, which is calculated as the

percentage of accurate predictions the model makes, is
measured in terms of how well it performs. Precision in a
confusion matrix is determined by dividing the total number
of positive predictions by the actual number of positive

predictions.
The formula for determining precision from a confusion

matrix is given below:
Precision=TP/(TP+FP)
For example, suppose you have the following confusion

matrix for a binary classification model:

Table3. Confusion matrix for precision

Using the formula above, the precision of the model can be

calculated as:
Precision=8/(8+3)=0.73
This indicates that 73% of the model's positive predictions

were accurate.
3. Sensitivity
Sensitivity is a statistic used to evaluate how effectively a

classification model performs. In machine learning, it is
often referred to as recall or true positive rate. The percentage
of actual positive cases that the model accurately anticipated
is how it is determined. By dividing the total number of true
positive cases by the total number of true positive forecasts,

one can calculate the sensitivity of a confusion matrix.
The following formula can be used to determine sensitivity

from a confusion matrix:
Sensitivity=TP/(TP+FN)
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For example, suppose you have the following confusion

matrix for a binary classification model:

Table4. Confusion matrix for sensitivity

Using the formula above, the sensitivity of the model can be

calculated as:
Sensitivity=8/(8+2)=0.80
This means that the model correctly predicted 80% of the

actual positive cases.
Sensitivity is frequently used to assess the model's capacity

to identify positive cases, especially when it is crucial to

reduce false negatives (e.g. in medical diagnosis).
4.F1 Score
The F1 score is a metric that is used to evaluate the

performance of a classification model[15]. It is calculated as
the harmonic mean of the model's recall and precision, where
recall is the proportion of true positive predictions made by
the model among all positive predictions and precision is the
proportion of true positive predictions made by the model

among all instances of true positive predictions[13,16].
Because it integrates precision and recall into one score, the

F1 score is frequently used as a single statistic to assess the

effectiveness of a classification model[ 14,17].

The F1 score is defined as follows:

F1=2* (precision * recall) / (precision + recall)

Higher F1 scores, which range from 0 to 1, indicate superior

performance. If the model had an F1 score of 1, it would have

flawless precision and recall.
Depending on the particulars of the problem, it could

sometimes be more crucial to optimize for either precision or
recall. For instance, it may be more crucial to optimize for
recall in a work of medical diagnosis (i.e., to ensure that the
model does not miss any real positive cases), but it may be
more crucial to optimize for precision in a task of fraud

detection (i.e., to ensure that the model only produces a small
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number of false positives).
For example, suppose the model makes the following

predictions on a test set of 1000 patients:

True positive: 500 patients

True negative: 400 patients

False positive: 50 patients

False negative: 50 patients

The precision of the model would be 500 /(500 + 50)=0.91,

and the recall of the model would be 500 /(500 + 50)=0.91.

The F1 score would then be calculated as:
F1=2%(0.91*%0.91)/(0.91+0.91)=0.91
This would indicate that the model has good performance,

withahigh F1 score of 0.91.
It's important to note that in a medical diagnosis setting, it

may be more important to optimize for recall (to ensure that
the model does not miss any true positive cases), rather than
precision. Depending on the specifics of the task at hand, it
may occasionally be more crucial to optimize for either
precision or recall. For instance, it may be more crucial to
optimize for recall in a medical diagnostic work (i.e., to make
sure the model does not miss any true positive cases) than it
may be to optimize for precision in a fraud detection task
(i.e., to ensure that the model only produces a small number

of false positives).
5. Specificity
Specificity is a metric that is used to evaluate the

performance of a classification model, particularly in the
context of medical diagnosis or other situations where false
positives are costly[8][14]. It is defined as the fraction of
actual negative instances that are correctly predicted by the

model out of all negative predictions made by the model.
For example, consider a classification model that is trying to

diagnose a particular disease based on certain symptoms.
Specificity would be calculated as the number of patients
who do not have the disease and are correctly diagnosed by
the model as not having the disease, divided by the total
number of patients who are diagnosed by the model as not

having the disease.
Suppose the model makes the following predictions on a test

setof 1000 patients:
True positive: 500 patients
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The log loss for the model is calculated as follows:
Logloss=-(1/1000) * X[y * log(p) + (1 -y) * log(1 - p)]
=-(1/1000) * (0 * log(0.1) + 1 *10g(0.9) + 1 * log(0.7) + 0 *

log(0.3)+...+0 *1og(0.2))
=0.45
This indicates that the model has a log loss 0f 0.45, whichis a

relatively high value. This may indicate that the model is not
making very accurate predictions, or that the predicted

probabilities are not well calibrated to the true labels.
It's important to note that the log loss metric is sensitive to the

predicted probabilities, and can be affected by imbalances in
the classes. In situations where the classes are excessive, the
log loss metric may be particularly useful for evaluating the

performance of the model.
8.Jaccard coefficient
The Jaccard coefficient is beneficial to measure the similarity

between two sets[17]. You need to build a confusion matrix
first before you can calculate the Jaccard coefficient. A
confusion matrix is a table that contrasts a diagnostic test's
expected results with the actual outcomes. The matrix's
columns indicate the expected results, while the rows show
the actual findings. The matrix contains values that indicate
the number of times a particular outcome was accurately or

inaccurately predicted by the diagnostic test..
You must use the following formula to determine the Jaccard

coefficient:
Jaccard coefficient = (true positive) / (true positive + false

positive + false negative)
The Jaccard coefficient is a measure of the degree of

agreement between expected and observed results. It runs
from O to 1, with 1 representing perfect agreement. There was
no overlap between the expected and actual results, as shown

by avalue of 0.
For example, consider the following confusion matrix for a

diagnostic test for a viral disease:

Predicted Predicted
Positive Negative
Actual
Positive 10 5
Actual
Negative 2 8

Table6. Confusion matrix for a diagnostic test
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To calculate the Jaccard coefficient, we would use the

following formula:
Jaccard coefficient=(10)/(10+5+2)=0.67
This indicates that the diagnostic test has a moderate level of

agreement with the actual results, but is not perfectly

accurate.
9. Gain and Lift Chart
Gain and lift charts can be used to assess how well a

classification model categorizes a skin condition[10]. To
create a gain chart, you would first need to divide the target
population (patients with the skin disease) into 10 equal-
sized groups (deciles) based on the predicted probability of
the skin disease. The gain at each decile is then calculated as
the percentage of the target population that is correctly
identified by the model at that decile, relative to the overall

percentage of the target population in the dataset.
Here is an example of a gain chart for a classification model

that is designed to identify patients with a particular skin

disease:

Percentage of | Percentage

Decile Target Identified by
Population Model

1 (top) 10% 80%

2 10% 70%

3 10% 60%

4 10% 50%

5 10% 40%

6 10% 30%

7 10% 20%

8 10% 10%

9 10% 5%

10 (bottom) 10% 0%

Table7. Classification model

This gain chart shows that the model is able to correctly
identify a large percentage of the target population at the top
deciles, but its performance decreases as we move down the
chart. This suggests that the model is generally effective at
identifying patients with the skin disease, but may have some

limitations.
To create a lift chart, you would follow a similar process, but

instead of showing the percentage of the target population

identified at each decile, you would show the ratio of this
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percentage to the overall percentage of the target population
in the dataset. This allows you to see how much "lift" the
model is providing at each decile, or how much better it is at
identifying the target population compared to randomly

selecting from the entire dataset.
Here is an example of a lift chart for the same classification

model:
Lift (Relative to
Decile Random Selection)
1 (top) 8
2 7
3 6
4 5
5 4
6 3
7 2
8 1
9 0.5
10
(bottom) | O
Table8. Lift chart

This lift chart shows that the model is providing a significant
amount of lift at the top deciles, but the lift decreases as we
move down the chart. This indicates that the model is
generally effective at identifying patients with the skin
disease, but may not be as accurate at identifying patients at

the lower deciles.
III. CONCLUSION
The specific properties of the data and the objectives of the

machine learning model will determine which evaluation
metric is best to employ. For example, accuracy is a simple
and widely used metric that is appropriate for many types of
classification tasks, but it may not be the most informative
metric for imbalanced datasets or for tasks where the cost of
false negatives or false positives is high. In these cases,

precision, recall, or F1 score may be more appropriate.
It's important to precisely consider which evaluation

standard is most applicable for your machine learning task,

and to use multiple evaluation criteria to get a more complete
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understanding of the model's performance. It's also
important to keep in mind that no single evaluation standard
can capture all aspects of a model's performance, and that
different evaluation criteria may give disagreeing or

deficient information.
Choosing the right evaluation metric is essential for

accurately analyzing the model's capabilities and pinpointing
areas for improvement. Evaluation metrics are a useful tool
for determining the performance of a machine learning

model.
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