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Abstract

Machine learning has demonstrated excellence at medical image analysis tasks like segmentation and clas-

sification for diagnosis of autonomous driving, cyber bullying detection, Twitter’s sentiment analysis, from

music generation to augmenting or replacing radiologists to identify cancer in Computed Tomography scans.

Deep learning is a component of many industrial and clinical solutions. Despite their success, these methods

do not consider the output quality and are simply concerned with improving point forecast accuracy and

for that it is essential to understand how trustworthy a forecast is. Deep learning algorithms are becoming

simpler to employ as new ones are developed, but uncertainty estimates still poses a serious challenge for

safety-critical applications.

The ability to estimate uncertainty not only enables us to assess the dependability of a system’s decision,

but it also enables us to take on nondeterministic tasks with multiple potential outcomes, such as future

prediction, which, when fully characterised, is a crucial component of human intelligence.

This thesis starts with a general presentation of the uncertainty principle and apply them in Twitter

US Airline Sentiment data to analyze how travelers in February 2015 expressed their feelings on Twitter.

First, I used different text classification models with predicting uncertainty in respective to every single

model . Then I compare these classification techniques based on the results, to find which machine learning

algorithms appears to be superior to the other algorithms for this Twitter aircraft sentiment analysis data-set

provided by the United States.

Finally, I choose the best models (models with lowest uncertainty) and ensemble them to see if we can

improved our model accuracy of prediction using uncertainty as a parameter.
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Chapter 1

Introduction

Recently, Machine learning has excelled in practical sciences including biology, physics, chemistry, engineer-

ing, medical diagnosis and text classification. They are still largely underutilised in mission- and safety-

critical real-world applications as they are typically brought on by preexisting ambiguity in the data or a

lack of neural network expertise. Uncertain forecasts must be avoided or given to human specialists in order

to distinguish between in-domain and out-of-domain samples, occurrence of overconfident predictions and

lack of expressiveness and transparency in the inference model.

For neural networks, estimating uncertainty is more feasible to determining how sure a neural network is

,in its predictions and the aim of uncertainty estimate in the learning models. Individuals see the hazard in

their choices, and they utilise this knowledge to better themselves.Estimating uncertainty is important not

only in high-risk industries like remote sensing but also in areas where data sources are very irregular and

labelled data is in short supply [6].

In computer-based healthcare treatments, a poor choice might have devastating repercussions, especially

in life-threatening situations. It’s crucial to be able to tell whether a model is confident in its results when

analysing data, and it’s also necessary to be able to decide whether you want to utilise more varied data.

or ought the model to be modified? or should I be cautious while choosing a course of action? Since the

majority of machine learning models are thought of as deterministic operations, they operate in a completely

different setting than probabilistic models that also take uncertainty into account. When choosing between

two likely outcomes without any prior knowledge, a categorization model is often needed.

It is crucially wanted to represent uncertainty in any AI-based system in a trustworthy way. In AI situations

like AL and concrete learning algorithms, uncertainty principles play a crucial role.

It has long been difficult to get reliable uncertainty estimates for predictions made by learning models.
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In this study, we examine the effectiveness of Logistic Regression, Decision tree, Support Vector Machine,

KNN, Gaussian Naive Bayes and Random Forest as a classifier in classification model of Twitter US Airline

Sentiment Analysis where it assesses whether the emotion expressed in the set of tweets for six US airlines

was good, neutral, or negative. By assessing the uncertainty associated with each classifier’s predictions,

we compare the outputs of several classifiers and study how uncertainty is used to improved the prediction

accuracy [1].
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Chapter 2

Uncertainty Principle

In machine learning, noise in the data, inadequate domain coverage, and flawed models are the three primary

sources of uncertainty.

Uncertainty sources appear when test and training data are unequal, whereas data uncertainty appears as

a result of class overlap or data noise; nonetheless, assessing knowledge uncertainty is far more challenging

than computing data uncertainty [11].

Like people, a machine learning model may indicate how confident it is in its predictions. It is customary

to make a distinction between epistemic and aleatoric uncertainty when addressing the uncertainty principle.

In order to further develop deep learning networks, especially to accomplish continuous learning using deep

learning, it is thus important to employ uncertainty estimations.

Aleatoric and epistemic uncertainties are the two basic categories of uncertainty.

Aleatoric uncertainty is an unavoidable flaw in data that makes predictions uncertain (also known as

data uncertainty). This refers to the data’s inherent uncertainty like consider this noise to be statistical

or sensory as there is always have some underlying noise in the data collecting process, regardless of how

much data you get. It’s built into the data itself. This kind of uncertainty cannot be reduced since it is a

characteristic of the data distribution and not a feature of the model. Noise in the observations provides

a description of the input-dependent uncertainty. This type of uncertainty is caused by hidden factors or

measurement errors, and it cannot be eliminated by accumulating additional data. When our data is noisy,

it is greatest. Changing your sensor and obtaining more precise data is the only method to lower aleatoric

uncertainty.

Model uncertainty or epistemic uncertainty are terms used to describe the uncertainty in model param-

eters. We may utilise these estimates to understand when the model cannot give a trustworthy response by
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referring to epistemic uncertainty, also known as systematic uncertainty, which can characterise the mod-

els confidence in the forecast. It happens because there isn’t enough data for the model to be sufficiently

trained to infer the underlying data-generating function. Because of this, the amount of training instances is

inversely correlated with epistemic uncertainty, which may be decreased by collecting and training on more

data.

Probability distributions over model inputs or parameters are used to represent uncertainties. The prior

distribution of the model’s weights W, which depicts how much they fluctuate given a certain set of data, is

supplied, and epistemic uncertainty is simulated.

These methods used for evaluating uncertainty in a variety of models, from basic Bayesian models to

neural networks. Numerous methods for estimating uncertainty have been developed for networks and are

based on them [10].

Most deep learning networks generate probability distributions that can generally capture the data.

Given training inputs x = x1, x2, ...., xn and their corresponding output labels y = y1, y2, ...., yn derived

from an undefined probability distribution,using Bayesian neural networks provide a principled mathematical

framework for this kind of uncertainty by estimate the weight distribution over the space of parameters (θ).

Here d = (x1, y1), (x2, y2), .....(xn, yn). The posterior distribution can represent as, p(θ|d) = p(d|θ)p(θ)
p(d)

p(d|θ) is the likelihood of the training data given a parameter θ.Assuming each training sample is indepen-

dent to each other,we need to find the product of likelihood of each individual training sample.

p(d|θ) =
N∑

n=1

P (yn|xn, θ) (2.1)

This likelihood value will calculated differently for both classification and regression problem.

2.1 For classification(in discrete domain)

For classification problem ,we need to use a special activation function softmax() that will convert all the

score values into normalize probability distribution. Using softmax we can convert any arbitrary real numbers

into probability scores and we get two constraints on our output.

Using Softmax(),we get-

P (d|θ) =
e(fd

θ)∑D
d e(fd

θ)
(2.2)

1) Every output of probabilities has to be bigger than zero.

2)We normalised the sum of all of our class probabilities to 1.

The likelihood distribution p(d|θ)—the probabilistic model by which the inputs generate the outputs given
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some parameter setting θ.

We could then define this unique loss, known as the cross-entropy loss, that allowed us to optimise our

distribution learning by minimising the negative log-likelihood of the predicted distribution to match the

ground truth category distribution after receiving an output of class probabilities from this softmax() acti-

vation function.

cross− entropy =

n∑
i=1

yi ∗ logPi (2.3)

Our target class label y is taken from some likelihood function, in this case a categorical distribution speci-

fied by distributional parameter P, which truly defines our distribution and likelihood over that anticipated

level. Specifically the probability of the answer being in the ith class is exactly equal to the ith probability

parameter. y = categorical(P ) , Here, labels are derived from a categorical distribution’s underlying like-

lihood function. Additionally, a set of distributional parameters define each of these probability functions,

P = P1, P2, .....Pi as these probabilities define the categorical distribution, where
∑n

i=1 Pi = 1 and Pi > 0 .

2.2 For continuous class target(Regression)

Here instead of using class probability we are using a probability distribution over the entire real number

like the classification domain. Here we can output the parameters of our distribution namely mean(µ) and

the standard deviation or variance of the distribution(σ2), since the support of this output is continuous and

infinite . Constrain: µ ∈ R and σ > 0.

As mean is unbounded so no need to constraint it and standard deviation must be strictly positive, so that

we can use an exponential activation function to enforce that constraint.

y ≈ Normal(µ, σ2)

Negativeloglikelihood = −log(N(y|µ, σ2))

Use this loss function to learn not a point estimate of the label y but a full distribution or gaussian

around describing that data likelihood.

Given a dataset d = (x1, y1), (x2, y2), .....(xn, yn), the posterior distribution over the space of parameters(θ)

by using Bayes’theorem:
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p(θ|d) =
P (d|θ)∗P (θ)

P (d)
(2.4)

In the case of infinitely many weights, a Gaussian process may be constructed given a neural network, however

with a fixed number of weights, Bayesian neural networks can still be used to provide model uncertainty [4].

Epistemic uncertainty, which represents the uncertainty inherent in the modelling forecasting process

itself, is far more difficult to assess.

2.3 Uncertainty calculation

Epistemic uncertainty is modelled and the weights of the model are given a prior distribution that depicts

how much they fluctuate given specific data. Bayesian neural networks offer a methodical mathematical

framework for dealing with this sort of uncertainty. The output of the network uses Bayesian inference to

construct a posterior over the weights for supplied training data. This posterior is used to calculate the

predictive distribution of a test sample and to express the prediction distribution over that particular model.

p(y|x, θ) =
∫
p(y|x, θ)q(θ)dθ

We use this predictive distribution as a input of softmax() activation function to get the result. The cross

entropy value of this result is the epistemic uncertainty in the prediction of output in the model. Epistemic

uncertainty indicate to the uncertainty in the model parameter.This can be view as a spread of the poste-

rior probability distribution, in which the flatter posterior distribution reflects higher epistemic uncertainty

and peaked posterior distribution reflects lower epistemic uncertainty. And aleatoric uncertainty refers to

uncertainty in the input itself.

So, Epistemic Uncertainty(in classification model) = cross-entropy(softmax(predictive distribution of that

particular model)).

Total Uncertainty = Epistemic Uncertainty + Aleatoric Uncertainty .

2.4 Importance of uncertainty principle in learning models

Techniques that assess the accuracy of machine learning models include confusion matrices, ROC curves, and

F-Scores that produces model’s effectiveness.However, it is unclear which datasets the model is misidentifying

and why without additional investigation. This is the reason, I have been using multiple classifier on the

same dataset for see the difference of their output. Because we can’t tell if the model is ineffective on data

that represent a certain region of the feature space or how well a model works with unlabeled data?

A person may be able to partially validate the effectiveness of the algorithm in some applications. Manual
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evaluation is either essentially impossible in many fields where the model is entrusted with categorising

enormous amounts of data. Then measuring the degree to which a model’s output may be relied upon when

categorising specific samples with specific classifier.The performance of a model on samples categorised

after deployment may not correspond to the accuracy it displays during testing. So we are using a point

estimate representation to the classifiers’ prediction, putting the framework of a classifier’s uncertainty into

the perspective of probability distributions.

While uncertainty can come from a variety of factors, including the data, model choice, the model parameter,

and the decision itself, error describes the discrepancies between predictions and actual observations given

a fixed model. Numerous different data models with distinct flaws are feasible as a result of the sources of

uncertainty.

2.5 Application of uncertainty principle

There are currently few instances of these methods being successfully applied in clinical practise, despite the

remarkable acceleration of deep learning research in healthcare, with potential applications proven across a

wide variety of topics [12]. The majority of deep learning-based systems provide deterministic results and do

not account for or manage prediction uncertainty, which can undermine confidence in automated diagnosis

and interpretation mistakes.

In addition to identifying samples that deviate from the data used to train the model, uncertainty may

be used to determine which samples are difficult to categorise and require further expert assessment. The

network can still produce (random) predictions with a high degree of confidence even when the distributions

of the training and test data are different. The out-of-distribution problem, which is a critical issue in medical

applications, refers to how to identify when a model is being used on a domain outside than the training

domain. We haven’t been able to obtain precise uncertainty estimates for neural network predictions in a

very long time.

Estimating epistemic and aleatoric uncertainty has also been addressed for classification and segmentation

of medical images. Traditional deep learning techniques for regression and classification do not account for

model uncertainty. It is common to mistake the predictive probabilities acquired at the pipeline’s end (the

softmax output) for model confidence in classification. A model’s predictions can be erroneous even with

a high softmax output. Passing a point estimate of a function via a softmax results in extrapolations with

unrealistically high confidence for locations far from the training data.
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Chapter 3

Uncertainty on Learning Models

This section explains the suggested uncertainty-related to the learning models and discusses the approaches

employed in this study. Then we can apply uncertainty estimation of these models after calculate the

predictive distribution of a test data and to express the prediction distribution over that particular model.

Constructing an approximation distribution of the mean (µ) and variance (σ2) of each layer of the trained

model is another efficient way in case of regression problem. Any number of these parameters can be drawn

from this distribution during test time for several forward passes .

µ =
1

n

n∑
i=1

xi (3.1)

and

σ =
1

n

n∑
i=1

(xi − µ)2 (3.2)

To approximate the mean and variance, Atanov et al. [4] recommends using a normal and a log normal

distribution, respectively. Incase of Classification models we use,

Epistemic Uncertainty = cross-entropy(softmax(predictive distribution of that particular model)).

We go over the specifics pre-trained classifier like Logistic Regression,Naive Bayes, Decision tree, Support

Vector Machine, k-nearest neighbors and RandomForest in Sections 3.1, 3.2, 3.3, 3.4, 3.5 and 3.6 before

describing how uncertainty is handled in these models.
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Flowchart of uncertainty estimation with different classifier

Pre-processing dataset

Extracting Independent and dependent Variable

Splitting the dataset into training and test set

Vectorize text reviews to numerical representation

Use Logistic Regression/Naive Bayes/Decision Tree/SVM/KNN/Random Forest

Predict and calculate Accuracy

Apply predictive distribution

Use Softmax()

Use Cross-entropy over the result

Uncertainty of the model over the test sample
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3.1 Logistic Regression

Logistic regression is a member of the supervised machine learning model family in the context of artificial

intelligence. It is also regarded as a discriminative model because it makes an effort to distinguish between

different classes (or categories).Predictive analytics and categorization frequently employ this kind of statis-

tical model. Based on a given dataset of independent variables, logistic regression calculates the likelihood

that an event will occur, such as voting or not voting. Given that the result is a probability, the dependent

variable’s range is 0 to 1. In logistic regression, the probability of success divided by the probability of failure

are transformed using the formula -

logit(pi) = 1/(1 + exp(−pi))

ln(pi/(1− pi)) = β0 + β1 ∗ x1 + . . . + βk ∗Kk

where x is the independent variable, and the dependent variable is logit(pi). And maximum likelihood

estimation is used to calculate the beta parameter in this model. This approach evaluates various beta

values over a number of iterations to get the best match for the probability value. Logistic regression aims to

maximise this function after each of these rounds in order to determine the optimal parameter estimation.It

is recommended to assess the model’s fit to find out how well it predicts the dependent variable, once the

model has been calculated.

3.2 Naive Bayes

Naive Bayes is the most straightforward and quick classification method for large amounts of data where each

pair of features being categorised is distinct from the others. Spam filtering, text classification, sentiment

analysis, and recommendation systems are just a few of the areas where the Naive Bayes classifier has been

successfully used [15]. It makes use of the Bayes probability theory for predictions of unknown classes where

it determines the likelihood of an event occurring given the likelihood of an earlier event occurring. The

Naive Bayes classification algorithm is a simple yet efficient classification problem in machine learning.Naive

Bayes makes the erroneous assumption that each feature or variable belonging to a class contributes equally

and independently to the result. The employment of Bayes’ theorem with a strong independence assumption

between the characteristics forms the basis of naive Bayes classification. Results from the Naive Bayes

classification are favourable [7]. We state our issue as follows, given a data matrix A and a goal vector B:

P (B|A) = P (A|B)∗P (B)
P (A) where n is the sample’s total number of features, B is the class variable, and A is a

dependent feature vector of dimension n. In order to forecast membership probabilities for each class, such
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as the likelihood that a certain record or data point belongs to that class, the Naive Bayes Classifier applies

the Bayes theorem. The most likely class is the one with the greatest chance of occurring i.e we only need

to identify the result with the greatest likelihood.

B = argmaxBP (B) ∗ [P (A1|B) ∗ P (A2|B) ∗ P (A3|B) ∗ ... ∗ P (An|B)]

where A1, A2, .., An are conditionally independent.

B = argmaxBP (B)
∏n

i=1 P (Ai|B)

We are calculating the probability based on the attribute value A1, A2, .., An . The Naive Bayes Classifier

presumes that there are no relationships between any of the attributes i.e they are independent. When

domain knowledge is there but lack of information, then we can use Naive Bayes.

3.3 Decision Tree

A decision tree, a supervised learning approach, is a tree-structured classifier in which internal nodes stand

in for a dataset’s characteristics, branches for the decision rules, and individual leaf nodes for the results

where the class labels with the data items have been grouped.Tree construction and tree trimming are the

two stages of a decision tree. When the tree is recursively partitioned until all the data items have the same

class label. Due to the recurrent traversal of the training data set, it is highly laborious and computationally

costly. In order to reduce over-fitting and increase the prediction and classification accuracy of the algorithm,

tree pruning is carried out from the bottom up manner [9].

The decision tree begins at the root node, the parent node of the tree and the remaining nodes are referred

to as the child nodes.. The full dataset is represented, which is then split into two or more homogenous

sets. After receiving a leaf node, the tree cannot be further divided; leaf nodes are the ultimate output

nodes. In splitting, the decision node or root node is divided into sub-nodes in accordance with the specified

requirements.

In decision tree, given a training sample, we try to find the importance of feature by computing entropy (en-

tropy gives the importance of the feature) from the training sample and accordingly the most discriminative

capability of the feature is determined. So decision tree is a feature selection process (given a sample with

n number of feature, select m number of feature). And to check independence, use Mutual information.
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3.4 Support Vector Machine

In this SVM approach, each data point is represented as a point in n-dimensional space (number of features),

with each feature’s value being the value of a particular coordinate. Then, categorization is achieved by

identifying the hyper-plane that clearly separates the two groups [16]. SVM develops the optimum hyperplane

repeatedly in order to differentiate between different classes, and then uses it to minimise an error. To divide

the dataset into classes as equally as feasible, I must identify a maximum marginal hyperplane (MMH). It

establishes a decision boundary between two classes to classify them. Support vectors are the data points

that are closest to the hyperplane. These points will help to clarify the separation line by computing margins.

A hyperplane is a decision plane that separates a collection of objects into a variety of classes. The distance

between the two lines on the class points that are closest to one another is known as a margin. It is calculated

how far the line is from the nearest points or support vectors perpendicularly. A larger gap between the

classes indicates a big margin; a smaller gap indicates a weaker margin. By translating our data using

mathematical operations known as Kernels, such as linear, sigmoid, non-linear, polynomial, and others,

SVM creates the hyperplane [2].

Steps to constructing a model-

i) Obtaining the most accurate data for training and testing.

ii) Data vectorization

iii) To train and predict, a Linear SVM Model is created.

A SVM classifier will be built where each unique word in the sentence as well as all consecutive words,

will be considered by the classifier.To make this format useful for our SVM classifier, I turn each word into

a vector. Each word in the list of all the words found in our training data, which makes up our vocabulary,

corresponds to each item in the vector. A word has a value of 1 in the vector if it is present; otherwise, it

has a value of 0.

In this method, each data item is plotted as a point in n-dimensional space, and the value of each feature

is the value of a specific coordinate (where n is the number of characteristics you have). Then, categorization

is achieved by identifying the hyper-plane that clearly separates the two groups.
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3.5 k-nearest neighbors

The K-Nearest Neighbor algorithm, which is based on the supervised learning approach, believes that the

new data and the existing data are comparable, and it places the new data in the category that the existing

categories are most similar to. This implies that it keeps track of all the information that is available and

categorises new information based on similarities. As new information emerges, it can then be quickly

categorised using the K-NN algorithm into a suitable category [8].

The following stages can be used to describe how the K-NN works: Calculate the Euclidean distance

between K neighbours by selecting the Kth neighbour. Pick the K closest neighbours based on the Euclidean

distance estimate. Count the number of data points in each category among these k neighbours. Assign the

additional data points to the category where the neighbour count is at its highest.

In KNN, K refers how many nearest neighbours you are looking for. How to fix the value of K? If you

increase the value of K, the algorithm will take more time to converge. If you use 1NN and if the data point

is a noisy one, it will have greate possibility that the classification result be wrong as classification will be

done basis of one-neighbours. So 1NN is very risky for noisy dataset, better to use 3NN, 5NN.

3.6 Random Forest

The widely used machine learning method Random Forest is based on the idea of ensemble learning, which

is the act of mixing several classifiers to solve a challenging issue and enhance the model’s performance.

Random Forest is a classifier that uses many decision trees on different subsets of the input dataset and

averages the results to increase the dataset’s predicted accuracy. Instead than depending on a single decision

tree, the random forest uses forecasts from each tree and predicts the result based on the votes of the

majority of predictions.All of the trees together will forecast the right output since the random forest mixes

many trees to estimate the class of the dataset [3]. When compared to other algorithms, Random Forest

can predict results with a high degree of accuracy, function effectively on massive data, and retain accuracy

even when a substantial piece of the data is absent.
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Chapter 4

Experimental Setup For Twitter US

airline sentiment analysis

Twitter is a social media site where users may interact by utilising hashtags to send tweets on topics they’ve

covered in their posts. Data are abundant on Twitter. Understanding what people are talking about, their

moods, their opinions on a certain subject or business, and social trends may all be learned through studying

tweets. Sentiment analysis is the practise of determining how someone feels or thinks about something based

on information like text or pictures. Sentiment analysis aids commercial decision-making.For instance, a

company could try to alter a product or stop production entirely if the general public has an unfavourable

view of it in order to reduce losses. It’s a technique for analysing data and locating sentiment within it.

Twitter sentiment analysis is the process of using sentiment analysis to extract user sentiments from data

from Twitter (tweets)[14].

This data available at Kaggle is an edited version of the original data. Both a CSV file and a SQLite

database are included.

This dataset, which includes tweets categorised as positive, negative, or neutral about US Airlines, is

extremely impressive. Based on the justification for the unfavourable feeling, bad tweets are also divided

into categories.

4.1 Libraries

For this, I make use of tools from packages like Pandas, Seaborn, Matplotlib, Jupyter Notebook, and NLTK.
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4.2 Setup

I’ll utilise to look at the tweets’ most popular positive and negative terms. An excellent technique to display

nlp data is with a wordcloud. The term occurs more frequently in our text data the larger it is in the

wordcloud picture. next picture the unfavourable airline-related attitudes [5].

4.2.1 Text Preprocessing

i) Stemming is the process of stripping a word of its suffixes and reducing it to its most basic form, which

may represent all of the word’s many forms (for example, "read" and "reading" are both reduced to "read").

ii) In English, terms like a, an, the, as, in, on, and so forth are regarded as stop-words, so we can eliminate

them in accordance with our needs to minimise vocabulary size.

iii) Change all word capitalization to lower case, reducing the scope of our vocabulary by doing this.

iv) Before analysing text, NLP software separates it into words and phrases.

4.2.2 TF-IDF

A scoring method that is frequently used in information retrieval (IR) or summarization is term frequency

— inverse document frequency (TF-IDF). The TF-IDF is intended to demonstrate how significant a phrase

is inside a certain document.

A term’s weight in a document is simply proportionate to how often it appears.

tf(t, d) =
count(t)in(d)

number(words)in(d)
(4.1)

The information density factor (IDF) is the inverse of the document frequency, which assesses the informa-

tiveness of word t.

IDF (t) = log
N

df(t)
(4.2)
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4.3 Evaluation Metrics Used for learning Model

Evaluation measures such as accuracy, precision,Recall and F1-score were employed to assess the Monte-

Carlo DropOut model’s performance.

Accuracy = TP+TN
TP+TN+FP+FN

Precision = TP
TP+FP

Recall = TP
TP+FN

F1 = 2∗Precision∗Recall
Precision+Recall = 2∗TP

2∗TP+FP+FN

The symbols TP, TN, FP, and FN stand for true positive, true negative, false positive, and false negative,

respectively. The mean of the metric scores for each class was utilised to calculate the technique’s overall

metric score because we applied the same treatment to all classes in this study.
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Chapter 5

Result of Using Uncertainty Esimation

on Learning Models

These tests aimed to identify which model increases classification accuracy with the least amount of uncer-

tainty.

5.1 Uncertainty Analysis with Evaluation Metrics

Uncertainty Estimation on learning models

Results Logistic

Regres-

sion

Gaussian

Naive

Bayes

Decision

Tree

SVM KNN Random

Forest

Uncertainty 1.19 1.21 1.19 1.20 1.19 1.21

Accuracy 0.78 0.42 0.67 0.78 0.69 0.76

Precision 0.78 0.66 0.53 0.78 0.70 0.74

Recall 0.79 0.41 0.67 0.78 0.69 0.76

f1-score 0.78 0.44 0.58 0.77 0.70 0.74

From table 5.1 it is evident that using Logistic Regression and SVM model, we get highest accuracy value.

However uncertainty present at these models are approx same. Using Logistic Regression, Decision Tree and

KNN , we get model uncertainty of 1.19 percent, and using Support vector machine , we get uncertainty

of 1.20 percent. These mainly indicating that it offers a more accurate results, whereas Naive Bayes and

Random Forest have little higher model uncertainties for the same dataset (1.21 percent, respectively).
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According to the observation, more reliable models has low degree of uncertainty give a preferable accuracy

value.

Our first round of experiments showed that uncertainty estimates may be used to account for the classifier’s

confidence. We can observe how the balanced accuracy of the classifier increased when the low uncertainty

models were applied. These results suggest that it may be advantageous to use uncertainty measures to

pinpoint models in which the classifier is likely to make incorrect predictions.

5.1.1 Case 1: Ensemble With Voting Classifier Using Uncertainty as a Param-

eter

Ensembling is an effective method for enhancing the model’s performance by fusing different base models to

create an ideal and reliable model. In this thesis, we are implementing voting classifier, from models with

lowest uncertainty and see how can it be used to improve the performance of the model.

A voting classifier is a type of machine learning estimator that develops a number of base models or esti-

mators and makes predictions based on averaging their results. Voting for each estimator output can be

integrated with the aggregating criterion [13].

There are two categories of voting criteria: Hard voting: Voting is based on the output class that is antici-

pated. Soft Voting: Voting is based on the output class’s anticipated likelihood.

26



Flowchart of Ensemble With Voting Classifier Using Uncertainty as a Parameter

Preprocessed Dataset

Split the set for training and test

import VotingClassifier

clf1=Logistic Regression, clf2= DecisionTree(),clf3 = SVM(),clf4= KNN()

eclf1=VotingClassifier(estimators=[clf1,clf2,clf3,clf4], voting=’soft’, weights=[1.19,1.19,1.20,1.19])

Predict and calculate Accuracy

Apply predictive distribution

Use Softmax()

Use Cross-entropy over the result

Uncertainty of the model over the test sample
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From this table 5.1, we choose three best estimators in respect to uncertainty value - Logistic Regression

(1.19), Decision Tree(1.19),Support Vector Machine(1.20) and K Nearest Neighbor(1.19) with our classifica-

tion dataset. Voting=‘soft’, and we taking parameter weight as [1.19,1.19,1.20,1.19],i.e uncertainty value of

the respective models. The sequence of weights are given as the models are ensemble in this Voting Classifier.

Now lets, examine the result of each of the base estimators of the voting classifier.

Table 5.2 : Uncertainty estimation of Voting Classifier

Results Voting Classifier

Uncertainty 1.00

Certainty 0.99

Accuracy 0.78

Precision 0.74

Recall 0.74

f1-score 0.74

From this table 5.2, we can see that using Voting Classifier with best esimators (Logistic Regression,

Decision Tree, Support Vector Classifier, and K Nearest Neighbor) or ensembled models with low uncertainty

estimator, we can decrease uncertainty (from 1.99 to 1.00) value with good accuracy. Also we can trust our

model with 99 percent certainty value.
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5.1.2 Case 2: Ensemble With Voting Classifier Using certainty as a Parameter

From Table 5.1, we get these Accuracy/Uncertainty values of different learning models.

Table 5.3 : Accuracy/Uncertainty results of different classifier

Results Logistic

Regres-

sion

Gaussian

NB

Decision

Tree

SVM KNN Random

Forest

Accuracy/Uncertainty 65.54 34.71 56.30 65 57.98 62.80

Now, we are implementing voting classifier, from models with highest results and see how can it be used to

improve the performance of the model. Here we choose Logistic Regression (65.54),SVM(65) and Random

Forest(62.80) as estimator.Voting=‘soft’, and we taking parameter weight as [0.83,0,83,0.82],i.e certainty

value of the respective models. The sequence of weights are given as the models are ensemble in this Voting

Classifier.
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Flowchart of Ensemble With Voting Classifier Using certainty as a Parameter

Pre-processed Dataset

Split the set for training and test

import VotingClassifier

clf1=Logistic Regression(), clf2= SVM(),clf3 = RandomForest()

eclf1=VotingClassifier(estimators=[clf1,clf2,clf3], voting=’soft’, weights=[0.83, 0.83, 0.82])

Predict and calculate Accuracy

Apply predictive distribution

Use Softmax()

Use Cross-entropy over the result

Uncertainty of the model over the test sample
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Now lets, examine the result of each of the base estimators of the voting classifier.

Table 5.4 : Uncertainty estimation of Voting Classifier Using certainty as a Parameter

Results Voting Classifier

Uncertainty 1.00

Certainty 0.99

Accuracy 0.78

Precision 0.74

Recall 0.79

f1-score 0.78

From this table 5.4, we can see that using Voting Classifier with best estimators (Logistic Regression,

Support Vector Classifier, and Random Forest), we can decrease uncertainty (from 1.99 to 1.00) value with

good accuracy. Also we can trust our model with 99 percent certainty value.
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Chapter 6

Conclusion and Future Scope

A measure of model believability is provided by an uncertainty analysis, which takes understanding one step

further.A model with high uncertainty suggests that there are more legitimate data interpretations available,

but that the model is unable to discriminate between them. Uncertainty analysis must be performed by

everybody who is going to make a judgement. In many different disciplines, it may be used to compute,

recognise, and express emotion. Despite the fact that the effort has produced intriguing findings, we wish to

make specific improvements in future work to improve performance and acquire better results. But it’s also

crucial to make precise decisions and have a model with high dependability.

In first test case, from table 5.1, 5.2 , we can say that we choose the best models(lowest uncertainty)

and ensemble them to get reliable model accuracy with only 1 percent pf uncertainty value or(99 percent

certainty) of prediction using uncertainty as a parameter.

And in second test case, from table 5.3, 5.4, we can say that we choose the best models(highest result

from accuracy/uncertainty) and ensemble them to get reliable model accuracy with only 1.0005 percent pf

uncertainty value or(99 percent certainty) of prediction using certainty as a parameter.

This chapter demonstrates how uncertainty analysis enables us to make judgments on the accuracy

of classifier predictions on a given dataset. The applications of this knowledge are numerous. When a

classification system is utilised in the real world, for instance, when it is expensive to identify the actual

label, the uncertainty of a forecast might be used as a gauge of trust.

In future we are using these for regression to check whether uncertainty estimation will effect on their

prediction of accuracy or not and we will research uncertainty analysis for issues with various, difficult

features.
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