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ABSTRACT

In supervised learning, missing values usually appear in the training set. The missing
values in a dataset may generate bias, affecting the quality of the supervised learning
process or the performance of classification algorithms. These imply that a reliable
method for dealing with missing values is necessary. In this paper, we analyze the
difference between iterative imputation of missing values and single imputation in real-
world applications. We propose an EM-style iterative imputation method, in which each
missing attribute-value is iteratively filled using a predictor constructed from the known
values and predicted values of the missing attribute-values from the previous iterations.
Meanwhile, we demonstrate that it is reasonable to consider the imputation ordering for
patching up multiple missing attribute values, and therefore introduce a method for
imputation ordering. We experimentally show that our approach significantly
outperforms some standard machine learning methods for handling missing values in

classification tasks.
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CHAPTER 1
INTRODUCTION

The missing data problem is arguably the most common issue encountered by machine
learning practitioners when analyzing real-world data. In many applications ranging from
gene expression in computational biology to survey responses in social sciences, missing
data is present to various degrees. As many statistical models and machine learning
algorithms rely on complete data sets, it is key to handle the missing data appropriately.
Missing data problem is a common issue in most real-world studies. Since most statistical
models and data-dependent machine learning (ML) algorithms could only handle
complete data sets, the issue of how to approach missing values plays an important role
in statistical inferences. Let Y be an (N x K) data matrix with i-th row yi = (yi1, yi2, ..., yiK)
where vyij is the value of j-th feature for the i-th sample. Define the subset of observed
values as Y obs and missing values as Y mis. Also, let M = [mij ] be the missing indicator
matrix, where mij indicates whether yij is missing or not. Rubin (19776) defines three
different missing mechanisms according to the conditional probability of the missingness,
{mij = 1}, given the data. The mechanism of missing data is completely at random
(MCAR) if the probability of missingness is independent of all data values, missing or
observed, P(mij = 0|Y )=g(¢),i=1, ..., N,j=1, ..., K, where g(.) is a known link function
and ¢ is the vector of unknown mechanism parameters. The missing mechanism is called
missing at random (MAR) if the probability of missingness depends only on the observed
data values, P(mij = 0]Y ) = g(Y obs; ¢),i=1, ..., N, j=1, ..., K. Finally, the mechanism is
called missing not at random (MNAR) when the probability of missingness may also
depend on the unobserved data even after conditioning on the observed ones. The
missing mechanism for the likelihood inferences is ignorable when the MCAR or MAR
assumptions hold with the additional condition of disjoint parameter spaces of the missing
mechanism and the data model (see Little and Rubin, 2014; Tsiatis, 2007, for more
details). One simple approach to analyze incomplete data is complete case (CC) analysis
which discards all incomplete cases. This approach is logical only if the missing rate is
considerably small or the missing data mechanism is MCAR (Little and Rubin, 2014).
However, if the missing mechanism is MAR or MNAR or the missing rate is considerably
high, the CC approach could highly influence statistical results. This is due to the fact that

CC analysis makes no use of observed features of an incomplete case.
1



CHAPTER 2
LITERATURE SURVEY

1) To generalize to multivariate settings, a chained equation process initializing

using random sampling (IEEE 2011):

Buuren and Groothuis-Oudshoorn, 2011 Missing completely at random (MCAR). This is
the highest level of randomness. It occurs when the probability of an instance (case)
having a missing value for an attribute does not depend on either the known values or
the missing data. In this level of randomness, any missing data treatment method can
be applied without risk of introducing bias on the data; 2. Missing at random (MAR).
When the probability of an instance having a missing value for an attribute may depend
on the known values, but not on the value of the missing data itself; 3. Not missing at
random (NMAR). When the probability of an instance having a missing value for an
attribute could depend on the value of that attribute. Several methods have been
proposed in the literature to treat missing data. Many of these methods, such as case
substitution, were developed for dealing with missing data in sample surveys, and have
some drawbacks when applied to the Data Mining context. Missing data imputation can
be harmful because even the most advanced imputation method is only able to
approximate the actual (missing) value. The predicted values are usually more well-

behaved, since they conform with other attributes values.

2) These decision tree based imputation methods are non-parametric
approaches that do not rely upon distributional assumptions on the
data(lEEE 2012) :

s(Stekhoven and B“uhlmann, 2012) This method imputes each missing entry x_id as
the mean of the dth dimension of the K-nearest neighbors that have observed values in
dimension. A best attribute is selected to place at the root node of the tree and create

one child node for each possible value of this selected attribute. For each child node, if



it isn’'t a leaf node, the entire process is then repeated recursively only using those
training instances that actually reach this node. . Bayesian networks are often used for
the classification problems, in which a learner attempts to construct Bayesian network
classifiers from a given set of training instances with class labels. Assume that all
attributes are fully independent given the class, then the resulting Bayesian network
classifiers are called naive Bayesian classifiers (simply NB). We run our experiments on
36 UCI datasets published on the main web site of Weka platform [21], which represent
a wide range of domains and data characteristics. We downloaded these data sets in
the format of arff from the main web site of Weka. Due to the simplicity, effectiveness,
and efficiency, C4.5 and NB are two very important algorithms for addressing the
classification problems. In this paper, we propose a very simple, effective, and efficient
algorithm based on C4.5 and NB. We simply denote it C4.5-NB. In C4.5-NB, C4.5 and
NB are built and evaluated independently at the training time, and the class-
membership probabilities are weightily averaged according to their classification

accuracies.

3) Evidence from recent literature suggests that recent advances in optimization

have driven significant progress in machine learning. (IEEE 2017):

s (Bertsimas and Van Parys, 2017; Bertsimas and Mazumder, 2014), Integer and
convex optimization have been applied successfully but it does apply for median and
sparse regression problems. Despite the frequent occurrence and the relevance of
missing data problem, many Machine Learning algorithms handle missing data in a
rather naive way. However, missing data treatment should be carefully thought,
otherwise bias might be introduced into the knowledge induced. In this work we
analyses the use of the k-nearest neighbor as an imputation method. Imputation is a
term that denotes a procedure that replaces the missing values in a data set by some
plausible values. One advantage of this approach is that the missing data treatment is
independent of the learning algorithm used.Missing data imputation can be harmful
because even the most advanced imputation method is only able to approximate the
actual (missing) value. The predicted values are usually more well-behaved, since they

conform with other attributes values. In the experiments carried out, as more attributes



with missing values were inserted and as the amount of missing data increased, more
simple were the induced models. Our analysis indicates that missing data imputation
based on the k-nearest neighbor algorithm can outperform the internal methods used by
C4.5 and CN2 to treat missing data, and can also outperform the mean or mode

imputation method, which is a method broadly used to treat missing values.

4) We reconsider the missing data problem from this perspective(IEEE 2017)

n (Bertsimas and Dunn, 2017; Bertsimas et al., 2017) . order to develop
optimization-based methods for imputation with improved out-of-sample performance.
Imputation techniques replace missing values with approximated ones depending on
the data set. Options range from simple approaches like mean imputation to more
complex methods based on attribute correlations. Here are some commonly used
imputation methods: 1. Case swapping Most sample surveys employ this strategy. A
nonsampled instance replaces a missing data instance (for example, a person who
cannot be reached); 2. This is a popular strategy. It involves replacing missing data for a
property with the mean (quantitative) or mode (qualitative) of all known values; 3.
Hot/cold deck. The hot deck approach replaces a missing attribute value with a value
from an approximated distribution for the current data. Hot deck usually comes in two
phases. The data are first clustered. In the second step, each missing data instance is
assigned to a cluster. A cluster's full cases are utilised to fill in missing data. Calculate
the attribute's mean or mode within a cluster. 4. Prediction model. Prediction models
handle missing data in complex ways. These strategies include building a predictive
model to estimate values to replace missing data. It is utilised as a class attribute, and
the rest as input for the prediction model. This method is supported by the fact that
qualities usually have links (correlations). A predictive model for classification or
regression for qualitative and quantitative features with missing data might be built using
correlations. Some of these links may be preserved if the prediction model captures
them. Because the missing values are anticipated using a set of qualities, the predicted
values are likely to be more consistent with this set of attributes than the genuine

(unknown) values. The second flaw is the necessity for attribute correlation



2.1 EXISTING SYSTEM:

In data mining process the biggest task of data preprocessing is missing value
imputation. Imputation is a statistical process of replacing missing data with
substituted values.

Many clinical diagnostic dataset are usually incomplete. Excluding incomplete
dataset from the original dataset can bring more problem than simplification. In
this paper the machine learning techniques for missing value imputation have
been explored using lonosphere data from UCI repository.

The data imputation problem has been approached using well-know machine
learning techniques.

The experiments have shown that the final classifier performance when the
algorithm is used. Experiments show that popular machine learning classifier
techniques were found to outperform than standard mean/mode imputation

techniques.

2.2 PROPOSED SYSTEM:

In this proposed work, a Python-based data mining system capable of diagnosing
the HD using a Decision Tree has been developed. In the methodology, the UCI
data repository was taken into consideration with 14 Attributes.

In the dataset, there are few missing values (yet found to be hyperparameter),
and pre-processing with such missing values is a common yet challenging
problem.

A mere substitution will give biased results from the data to be observed for HD
diagnosis and will certainly affect the value of the learning process in Machine
Learning.

Therefore, in the proposed work, a missing value imputation is done, which gave
better accuracy, and it is trustable.

In this approach, we impute each missing data attribute value by predicting its

data value from non-missing data attributes.



CHAPTER 3
METHODOLOGY

3.1 MACHINE LEARNING

Steps of Machine Learning

Step 1: Gathering Data.

e Step 2: Preparing that Data.

e Step 3: Choosing a Model.

e Step 4: Training.

e Step 5: Evaluation.

e Step 6: Hyper parameter Tuning.

e Step 7: Prediction.

Introduction:

In this blog, we will discuss the workflow of a Machine learning project this includes all

the steps required to build the proper machine learning project from scratch.

We will also go over data pre-processing, data cleaning, feature exploration and feature
engineering and show the impact that it has on Machine Learning Model Performance.
We will also cover a couple of the pre-modelling steps that can help to improve the

model performance. Python Libraries that would be need to achieve the task:
1) Numpy
2) Pandas

3) Sci-kit Learn
4) Matplotlib



We can define the machine learning workflow in 3 stages.

1) Gathering data

2) Data pre-processing

3) Researching the model that will be best for the type of data
4) Training and testing the model

5) Evaluation

The machine learning model is nothing but a piece of code; an engineer or data
scientist makes it smart through training with data. So, if you give garbage to the model,
you will get garbage in return, i.e., the trained model will provide false or wrong

prediction

1. Gathering Data

The process of gathering data depends on the type of project we desire to make, if we
want to make an ML project that uses real-time data, then we can build an loT system that
using different sensors data. The data set can be collected from various sources such as
a file, database, sensor and many other such sources but the collected data cannot be
used directly for performing the analysis process as there might be a lot of missing data,
extremely large values, unorganized text data or noisy data. Therefore, to solve this
problem Data Preparation is done.We can also use some free data sets which
are present on the internet. Kaggle and UCI Machine learning Repository used
the most for making Machine learning models. Kaggle is one of the most visited websites
that is used for practicing machine learning algorithms, they also host competitions in

which people can participate and get to test their knowledge of machine learning.


http://www.kaggle.com/
https://archive.ics.uci.edu/ml/datasets.html

2. Data pre-processing

Data preprocessing is one of the most important steps in machine learning. It is the
most important step that helps in building machine learning models more accurately. In
machine learning, there is an 80/20 rule. Every data scientist should spend 80% time for

data per-processing and 20% time to actually perform the analysis.

Data preprocessing is a process of cleaning the raw data i.e. the data is collected in the
real world and is converted to a clean data set. In other words, whenever the data is
gathered from different sources it is collected in a raw format and this data isn’t feasible
for the analysis. Therefore, certain steps are executed to convert the data into a small

clean data set, this part of the process is called as data pre-processing.

As we know that data pre-processing is a process of cleaning the raw data into clean
data, so that can be used to train the model. So, we definitely need data pre-processing
to achieve good results from the applied model in machine learning and deep learning

projects. Most of the real-world data is messy, some of these types of data are:

1) Missing data: Missing data can be found when it is not continuously created or

due to technical issues in the application (IOT system).

2) Noisy data: This type of data is also called outliners; this can occur due to human
errors (human manually gathering the data) or some technical problem of the

device at the time of collection of data.

3) Inconsistent data: This type of data might be collected due to human errors

(mistakes with the name or values) or duplication of data.



Three Types of Data

1) Numeric e.g., income, age

2) Categorical e.g., gender, nationality

3) Ordinal e.g., low/medium/high

These are some of the basic pre — processing techniques that can be used to convert

raw data.

1) Conversion of data: As we know that Machine Learning models can only handle
numeric features, hence categorical and ordinal data must be somehow converted into

numeric features.

2) Ignoring the missing values: Whenever we encounter missing data in the data
set then we can remove the row or column of data depending on our need. This method
is known to be efficient but it shouldn’t be performed if there are a lot of missing values

in the dataset.

3) Filling the missing values: Whenever we encounter missing data in the data
set then we can fill the missing data manually, most commonly the mean, median or

highest frequency value is used.

4) Machine learning: If we have some missing data then we can predict what data

shall be present at the empty position by using the existing data.

5) Outliers’ detection: There are some error data that might be present in our data
set that deviates drastically from other observations in a data set. [Example: human
weight

= 800 Kg; due to mistyping of extra 0]



In tackling the issue (1), we can rapidly utilize the principal innovation to begin giving the
best outcomes. We will zero in on impairing the BCD) and handicapping (CD)
calculations (Bertsekas, 1999). In Problem 1, we use Algorithm 1 (likewise called select.
Credit), which involves BCD or CD in Problem (1). Table 2 sums up the qualities of the
capacity ¢ (x) for the U, W, V, X changes and the K-NN, SVM, and calculation learning
tree. Nitty gritty solutions to questions (2), (3), (4), (5) utilizing K-NN, SVM, or enlistment
are given in 2.3-2.5. See Annex A for more data. Utilizing the chart, decrease the worth
of the objective capacity to no less than 0 until the assignment is finished. Consequently,
the quantity of steps needed to finish the calculation d 1 0 ¢ (U0, WO, VO; X) e, W0 and
V0 address the beginning stage, X is the information, and UO is the contention to
Equation 1. . (2) However, there is no assurance that the calculation will open essentially
the entire world (1). (Wright, 2015). In the accompanying segments, we will consider

three models and three methods for tackling the issue..

3.2. SYSTEM DESIGN

Description(K-Nearest Neighbors (knn)):

A single-step, greedy method which imputes missing values using the K-nearest

neighbors of an observation based upon Euclidean distance.
e The candidate neighbors must have non-missing values in the imputed feature.

e Averaged distance is used if some other coordinates are missing. Implemented

using the impute package in R
e K-NN based (opt.knn):
e This method solves the optimal K-nearest neighbors problem .
e Convergence time depends upon the quality of the initial warm start.

e We run both block coordinate descent and coordinate descent for small data sets
of size n < 10,000, and only coordinate descent for large data sets with higher n.
e The implementation was in the programming language Julia with fast algorithms

for K-nearest neighbor calculations.

10



First-Order Method for the General Problem
e To obtain high-quality solutions to Problem (1), we can use first-order methods

with random warm starts. In particular, we will focus on block coordinate descent
(BCD) and coordinate descent (CD) (Bertsekas, 1999). Algorithm 1, which we
refer to as opt.impute, implements BCD or CD for Problem (1). The variables
U,W, V, and X as well as the cost function c(-) are summarized in Table 2 for K-
NN, SVM, and trees. The detailed solution methods for Problems (2), (3), (4),
and (5) for K-NN, SVM, and tree imputation models are described in Sections
2.3-2.5, respectively.

e By construction, the objective function value strictly decreases by at least 80 until
termination. It follows that the number of steps needed for the algorithm to
terminate is d 1 80 c(U0O ,WO0 , VO ; X)e, where WO , VO are the initialization
values, X is data, and UO is the argmin in Equation (2). However, the algorithm is
not guaranteed to find a global minimum for Problem (1) (Wright, 2015).

e |n the next sections, we discuss three example models and the optimization
problem formulations. For each model and each first-order method, we derive the

specific updates.

e Input:
Xe Ox{1,...,kl}x...x{1,...,kp1},
a data matrix with some missing entries
M ={(i, d) : 4 is missing}, 80 > 0, and
warm start WO € R nxp0 ,
Voe{t,...,k1}x...x{1,..., kpl}

e Output:

™ a full matrix with imputed value.



12

e Procedure:

Initialize § ¢ oo, Wl + WO, Veld . VI,
while § > §; do
(1) Update U* using model dependent information:

U’ ¢ arg mUiﬂ (U, W V4. X)
st (U, W,V ey

@ Update the imputation W*, V*, following either:
@ block coordinate descent (BCD):

WV «argmin ¢(U" W, V:X)
Wy
st wy=1y (1, d} € N}h

vi=za  (L,d)eM,
(U W,V)el,

or

coordinate descent (CD):
W), ¢ argmin (U, W, V: X)

wj;
st wy=1y (1.d) € N,
et =g (i,d) € M,
wig =ty (i,d) € Mo\(jir),
Uig = 1}y (i,d) € My,
(U W, V) ell,



vf & argut_lji'n o(U*, W, V;X)
st wy=Ty (i,d) € Ny, is among the K-nearest
Vid = Tid (i.d) € N}, 5) duces the missing value
Wid = Wig (i.d) € Mo, ach point (wi, vi), i € | to
va=vyg  (i,d) € M1\(jr),
(U W,V)ell.

®) 4 « (U, W*,V*;X) - (U, Weld yold. ), o
@(Udd Weld yold) (U, W*, V*) is difficult to solve to

d} can be modeled with

tion problem with both

end while us variables only.
X'mP ¢ [W*: VY|

We first define a distance metric between rows (w;, vi) and (wj,v;) as

potpi

r; - Z(uld == “jd Z ‘{a W4} {(5)

d=po+1

Next, we introduce the binary variables:

1, if (w;,v;) is among the K-nearest neighbors of (w;,v;)
2= with respect to distance metric (6),

0, otherwise.

We further define the set of indices T := {i : x; has at least one missing coordinate}. The
optimization problem for the K-NN based imputation model is:

Po Potpy
min ¢(Z, W, V:X):= ZZM.J{Z Wy = u}d) + z Iy, #1y4)
iel j=1 d= d=po+1
st wy=zIy (i,d) € Ny,
Vid = Tid (i,d) € .,’\i’l. "
‘ (7)
z=0 i€l
Y =K i€l

j=1
Z € {0, 1)11*n

13
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Fig.3.1: Architectural Diagram

Step 1
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value which be referred as
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i ?
Iteration end? Result
N
Step 2
The placeholder mean value for

one variable a set back to

Any other

missing. . missing value ?
J
YES
- Step3 Step 4
Appropritate regression is The missing value is then
dqne_ between observed of the predicted using regression
missing variable against other model.
variables.

Fig.3.2: Flow chart

14



3.2.1 ALGORITHM USED

15

K-Nearest Neighbor is one of the simplest Machine Learning algorithms based
on Supervised Learning technique.

The K-NN algorithm assumes the similarity between the new case/data and
available cases and put the new case into the category that is most similar to the
available categories.

K-NN algorithm stores all the available data and classifies a new data point
based on the similarity. This means when new data appears then it can be easily
classified into a well suite category by using K- NN algorithm.

K-NN algorithm can be used for Regression as well as for Classification but
mostly it is used for the Classification problems.

K-NN is a non-parametric algorithm, which means it does not make any
assumption on underlying data.

It is also called a lazy learner algorithm because it does not learn from the
training set immediately instead it stores the dataset and at the time of
classification, it performs an action on the dataset.

KNN algorithm at the training phase just stores the dataset and when it gets new
data, then it classifies that data into a category that is much similar to the new
data.

The K-NN working can be explained

Step-1: Select the number K of the neighbors
Step-2: Calculate the Euclidean distance of K number of neighbors

Step-3: Take the K nearest neighbors as per the calculated Euclidean distance.

Step-4: Among these k neighbors, count the number of the data points in each category.

Step-5: Assign the new data points to that category for which the number of the
neighbor is maximum.

Step-6: Our model is ready.



Input the dataset with /
Start ] missing vallyﬁ
| Create a copy of the original

data,
Original«— dataset

Use algorithm to impute missing
values of the target attribute m
times

Keep the m imputed values in

Result
Output
Result
Take the average value from
m imputation and store in
End result

Fig 3.3: Flow diagram

Table.3.1: MECHANISM OF MISSING DATA

bmy —
Missing Completely at Random (MCAR) (1"") =0
Missing at Random b my—nb) .
(MAR) ("= oy

Not MissingatRandom

(NMAR)




Problem Statement:

Some algorithms cannot handle missing values properly, while some techniques

give efficient results to estimate the missing values.

It is very important to handle missing data because many machine learning

algorithm performances reduces due to missing values.

Missing values in the dataset have a negative impact on the imputation of

accuracy; therefore, it could lead to a different output.

some techniques are discussed which are employed to impute the missing data,

and these techniques are compared using their drawbacks.

Advantages:

handling missing data despite new advances and its potential in clinical,

environmental, and health policy research.

This review will discuss several benefits of this technique as well as the

approaches that make the technique applicable to different types of data.

Providing such examples may show investigators how considering this method

may help in their future research.

Applications:

17

Collecting, analyzing and drawing inferences from data is central to research in
the medical and social sciences.

The first is evaluating the reporting delay in AIDS surveillance systems to
estimate survival time following AIDS diagnosis.

An example of a school choice experiment is used to illustrate missing data and

disobedience in randomized studies.



3.3 MODULES:
e Dataset collection
e Data Cleaning
e Feature Extraction
e Model training
e Testing model
e Performance Evaluation

e Prediction

3.3.1 Dataset collection
Collecting data allows you to capture a record of past events so that we can use data
analysis to find recurring patterns. From those patterns, you build predictive models using
machine learning algorithms that look for trends and predict future changes. Predictive
models are only as good as the data from which they are built, so good data collection
practices are crucial to developing high- performing models.The data need to be error-free
(garbage in, garbage out) and contain relevant information for the task at hand. For
example, a loan default model would not benefit from tiger population sizes but could benefit
from gas prices over time. In this module, we collect the data from kaggle dataset archives.

This dataset contains the information of divorce in previous years.

3.3.2 Data cleaning:

Data cleaning is a critically important step in any machine learning project.In this module
data cleaning is done to prepare the data for analysis by removing or modifying the data that
may be incorrect, incomplete, duplicated or improperly formatted.In tabular data, there are
many different statistical analysis and data visualization techniques you can use to explore

your data in order to identify data cleaning operations you may want to perform.

18



3.3.3 Feature Extraction:

This is done to reduce the number of attributes in the dataset hence providing advantages
like speeding up the training and accuracy improvements. In machine learning, pattern
recognition, and image processing, feature extraction starts from an initial set of measured
data and builds derived values (features) intended to be informative and non-redundant,

facilitating the subsequent learning and generalization steps, and in

some cases leading to better human interpretations. Feature extraction is related to
dimensionality reduction

When the input data to an algorithm is too large to be processed and it is suspected to be
redundant (e.g. the same measurement in both feet and meters, or the repetitiveness of
images presented as pixels), then it can be transformed into a reduced set of features (also
named a feature vector).

Determining a subset of the initial features is called feature selection. The selected features
are expected to contain the relevant information from the input data, so that the desired task

can be performed by using this reduced representation instead of the complete initial data.

3.3.4 Model training :

A training model is a dataset that is used to train an ML algorithm. It consists of the sample
output data and the corresponding sets of input data that have an influence on the output.
The training model is used to run the input data through the algorithm to correlate the
processed output against the sample output. The result from this correlation is used to
modify the model.This iterative process is called “model fitting”. The accuracy of the training
dataset or the validation dataset is critical for the precision of the model. Model training in
machine language is the process of feeding an ML algorithm with data to help identify and
learn good values for all attributes involved.There are several types of machine learning
models, of which the most common ones are supervised and unsupervised learning.

In this module we use supervised classification algorithms like linear regression to train the

model.
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3.3.5 Testing model:

In this module we test the trained machine learning model using the test dataset, Quality
assurance is required to make sure that the software system works according to the
requirements. Were all the features implemented as agreed? Does the program behave as
expected? All the parameters that you test the program against should be stated in the
technical specification document.

Moreover, software testing has the power to point out all the defects and flaws during
development. You don’t want your clients to encounter bugs after the software is released
and come to you waving their fists. Different kinds of testing allow us to catch bugs that are

visible only during runtime.

3.3.6 Performance Evaluation:

In case the model performs poorly, we optimize the machine learning algorithms to improve
the performance. Performance Evaluation is defined as a formal and productive procedure
to measure an employee’s work and results based on their job responsibilities. It is used to
gauge the amount of value added by an employee in terms of increased business revenue,
in comparison to industry standards and overall employee return on investment (ROI).

All organizations that have learned the art of “winning from within” by focusing inward
towards their employees, rely on a systematic performance evaluation process to measure
and evaluate employee performance regularly. Ideally, employees are graded annually on
their work anniversaries based on which they are either promoted or are given suitable
distribution of salary raises. Performance evaluation also plays a direct role in providing
periodic feedback to employees, such that they are more self-aware in terms of their
performance metrics.In this module, we evaluate the performance of trained machine
learning model using performance evaluation criteria such as F1 score, accuracy and

classification error.
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3.3.7 Prediction :

Prediction” refers to the output of an algorithm after it has been trained on a historical
dataset and applied to new data when forecasting the likelihood of a particular outcome,
such as whether or not a customer will churn in 30 days. The algorithm will generate
probable values for an unknown variable for each record in the new data, allowing the model
builder to identify what that value will most likely be. The word “prediction” can be
misleading. In some cases, it really does mean that you are predicting a future outcome,
such as when you’re using machine learning to determine the next best action in a
marketing campaign.

Other times, though, the “prediction” has to do with, for example, whether or not a
transaction that already occurred was fraudulent.

In that case, the transaction already happened, but you’re making an educated guess about
whether or not it was legitimate, allowing you to take the appropriate action.

In this module we use trained and optimized machine learning model to predict whether the

patient the divers case asking some questions .

HARDWARE REQUIREMENTS
System : Pentium i3 Processor.
Hard Disk : 500 GB.

Monitor : 15” LED

Input Devices : Keyboard, Mouse
Ram: 2 GB

SOFTWARE REQUIREMENTS
Operating system : Windows 10.
Coding Language : Python
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CHAPTER 4
RESULTS and DISCUSSION

Here are a few ideas on the most proficient method to look or get an arrangement for
tattoos. At times, the data given is utilized as a reason for exhibiting Al or data handling
innovation. In different cases, it is utilized as a reason for looking at changed strategies. We
utilized the technique on 84 informational indexes in the UCI Machine Learning data set.
The size of this information is given from n = 23 to 5,875, with p = 2 to 124. In the
accompanying areas, we first show the genuineness of everything. The fast and for the most
part substitution technique prompts a decrease in MAE. Presently we show that the nature
of conviction is extremely high as far as decision. Contrasted with the techniques utilized, it
prompts further developed execution and lower back. We will keep on examining the
outlines (K, cp, C), start temperature, how to fall (BCD or CD), the arrangement of the
information, including the nature of the selfappraisal work contingent upon the missing
technique. The pictures underneath shows the outcomes. Shapes of musk molecules: this
dataset describes 92 molecules of which 47 are musks and 45 are non-musks. For each
molecule P=166 features describe its conformation, but since a molecule can have many
conformations due to rotating bonds, there are n=476 different low-energy conformations in

the set. The classification into musk and non-musk molecules is removed.

MISSING DATASET
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NEW DATASET IMPUTATION
EVALUATION:

BEFORE IMPUTATION :
****Support Vector Machine
ACCURACY= 88.62990335417851
Precision: 0.0
Recall: 0.0
Confusion Matrix :

[[1559 0]

[200 0]

*kkkk

Process finished with exit code 0
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AFTER IMPUTATION :
****Support Vector Machine*****
ACCURACY=90.0511654349062
Precision: 83.78378378378379
Recall: 15.5

Confusion Matrix :

[[1553 6]

[ 169 31]]

Process finished with exit code 0

APPLICATION:

Fig.4.1: Application



CHAPTER 5
CONCLUSION

In summary, we frame the classical missing data problem as a non-convex optimization
problem based upon a variety of predictive models. We propose a family of new imputation
methods, opt . impute, which finds high quality solutions to this problem using fast first order
methods. Through extensive computational experiments on 84 data sets from the UCI
Machine Learning Repository, we show that opt.impute yields statistically significant gains in
imputation quality over state-of-the-art imputation methods, which leads to improved

out-of-sample performance on downstream tasks.

This approach scales to large problem sizes, generalizes to multiple imputation, and
improves over state-of-the-art methods across a broad range of missing data scenarios. We
show on several real datasets coming from different biological and medical fields that
missForest outperforms established imputation methods like k-nearest neighbours
imputation or multivariate imputation using chained equations. Using our OOB imputation
error estimates, missForest offers a way to assess the quality of an imputation without the
need of setting aside test data nor performing laborious cross- validations. For subsequent
analysis, these error estimates represent a mean of informal reliability check for each
variable. The full potential of missForest is deployed when the data include complex

interactions or non-linear relations between variables of unequal scales and different type.
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APPENDICES

A. Sample Code:
Complete Data Accuracy:
import numpy as np
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn import svm
from sklearn.metrics import accuracy_score, precision_score, recall_score,cfusion_matix
import matplotlib.pyplot as plt
import seaborn as sns
model = svm.SVC(kernel='linear)
scaler = StandardScaler()
def trainData():
parkinsons_data = pd.read_csv('dataset_complete.csv')
X = parkinsons_data.drop(columns=['Class'], axis=1)
Y = parkinsons_data['Class']
# displaying heatmap
plt.show()
X_train, X _test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=2)
scaler.fit(X_train)
X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)
from sklearn.metrics import confusion_matrix
model fit(X_train, Y_train)
prediction=model.predict(X_test)
cf_matrix = confusion_matrix(Y_test, prediction)
acc = accuracy_score(Y_test, prediction)
print("****Support Vector Machine***** ")
print("ACCURACY=", accuracy_score(Y_test, prediction)*100)
print("Precision:", precision_score(Y _test, prediction)*100)
print("Recall:", recall_score(Y _test, prediction)*100)
print("Confusion Matrix :\n", cf_matrix)
cm = confusion_matrix(Y _test, prediction)
plt.figure(figsize=(12, 12))
sns.heatmap(cm, annot=True, fmt=".0f", linewidths=.5, square=True, cmap="Blues');
plt.ylabel('Actual label');
plt.xlabel('Predicted label');
all_sample_title = 'Confusion Matrix of SVM for complete data'
plt.title(all_sample_title, size=15); plt.show()
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Missing Data Accuracy:

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn import svm

from sklearn.metrics import accuracy_score, precision_score,

recall_score, confusion_matrix

import matplotlib.pyplot as plt

import seaborn as sns

model = svm.SVC(kernel='linear")

scaler = StandardScaler()

def trainData():
parkinsons_data = pd.read_csv('dataset_missing0O5R.csV')
X = parkinsons_data.drop(columns=['Class'], axis=1)
Y = parkinsons_data['Class']

# displaying heatmap
plt.show()
X_train, X _test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=2)
scaler.fit(X_train)
X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)
model fit(X_train, Y _train)
prediction=model.predict(X_test)
cf_matrix = confusion_matrix(Y_test, prediction)
acc = accuracy_score(Y_test, prediction)
print("****Support Vector Machine***** ")
print("ACCURACY=", accuracy_score(Y_test, prediction)*100)
print("Precision:", precision_score(Y _test, prediction)*100)
print("Recall:", recall_score(Y_test, prediction)*100)
print("Confusion Matrix :\n", cf_matrix)
cm = confusion_matrix(Y_test, prediction)
plt.figure(figsize=(12, 12))
sns.heatmap(cm, annot=True, fmt=".0f", linewidths=.5, square=True, cmap="Blues');
plt.ylabel('Actual label');
plt.xlabel('Predicted label');
all_sample_title = 'Confusion Matrix of SVM- missing data'
plt.title(all_sample_title, size=15);
plt.show()



Imputation:
import pandas as pd
import math
import time
"A method to get the average value of any column, ignoring question mark values™
def getColAve(object1):
counter =0
runningSum =0
# For Each Row Item (i) in the passed column
for i in object1:
# that is not equal to '?'
if (i1="?"):
# Make the value a float
i = float(i)
# Increment counter
counter += 1
#Add to sum
runningSum = runningSum + i
toReturn = (runningSum / counter)
toReturn = round(toReturn,5)
return toReturn
"'Replace all '?" with the calculated average
Fully functioning right now!""
def replaceWithAverage(theDF):
aDF = theDF
ave =0
# For Each Column in the Dataframe Object do stuff
foriin aDF:
# For Each Column that is not 'Class' do stuff
if (i 1= "Class'):
ave = getColAve(aDFi])
aDF[i] = aDFi].replace('?', value = str(ave), inplace=False)

29



return aDF
Accuracy Of imputed Data:
import numpy as np
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn import svm

from sklearn.metrics import accuracy_score, precision_score, recall_score,
confusion_matrix

import matplotlib.pyplot as plt

import seaborn as sns

model = sym.SVC(kernel='"linear’)

scaler = StandardScaler()

def trainData():
parkinsons_data = pd.read_csv('nearest neighbors_missing05_k1.csv')
X = parkinsons_data.drop(columns=['Class'], axis=1)
Y = parkinsons_data['Class']

# displaying heatmap
plt.show()
X_train, X _test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=2)
scaler.fit(X_train)
X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)
model fit(X_train, Y _train)
prediction=model.predict(X_test)
cf_matrix = confusion_matrix(Y_test, prediction)
acc = accuracy_score(Y_test, prediction)
print("****Support Vector Machine***** ")
print("ACCURACY=", accuracy_score(Y_test, prediction)*100)
print("Precision:", precision_score(Y _test, prediction)*100)
print("Recall:", recall_score(Y_test, prediction)*100)
print("Confusion Matrix :\n", cf_matrix)
cm = confusion_matrix(Y_test, prediction)
plt.figure(figsize=(12, 12))
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sns.heatmap(cm, annot=True, fmt=".0f", linewidths=.5, square=True, cmap="Blues');
plt.ylabel('Actual label");

plt.xlabel('Predicted label');

all_sample _title = 'Confusion Matrix of SVM- imputes'

plt.title(all_sample_title, size=15);

plt.show()

Application:
from flask import Flask, render_template, request
app = Flask(__name_ )
from test import testData
@app.route('/")
def index():
return render_template('cta.html')
@app.route('/sub’, methods=["POST"])
def submit():
if request.method =="'POST"
input_dict = request.form
input_data = tuple(input_dict.values())
result = testData(input_data)
return render_template('sub.html', n=result)
if _name__ =='_main__"
app.run(host="localhost", port=7000, debug=True)

31



B Screen Shoots:
COMPLETE DATA SET

moBREsOmME Y

EompE®Pma

32

> & & @0



MISSING DATASET-1

Qevent

ENG 232
AL TO® 0 @

AFTER MISSING DATA IMPUTATION-1

NG o B2
A0 TN RS g5 @




34

MISSING DATA-2



35

C Plagiarism Report:

An optimization-based approach to missing data imputation

Mume: Pragati Name: Pranathi Y ajjula bﬁnﬂ: Usha Nandin
gtud.cm: 3HL¢J{=_15[E Igludrnl: 381 !ti?&l:. Asum 3110416
artment 3 I ment of C5E sistant professor
Sath}?ahama Institute of Hathyahaﬁgtlnﬂimt: of science gca}h}' AT ite of
science and technology and l:El‘I]‘In|nq lenc I w gy
Maharastra, India Vishakapatanam, Indis ﬂgﬂmn: Bl
Email 1d; ~mail id; Email 1d

prngatirﬂm:\iawnr@gmail.mm pfmn:hi)'ajjaimmlﬁgmaﬂmm pragatiMaia“'ar@hmilxm

ABSTRACT

Al hos forever been significant in getting and deciphering data, and it regubucly assists with
taking care of fragmented issues. These lacks in the informational collection might think twice
about the nature of the preparation, This stresses the significance of a solid system 10 address
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for this effort, While the topic of missing
data has been addressed in statistical
research. the mapority of this work has been
focused on the statistical analysis of data
with missing values, as outlined in 1977 by
Dempster, Laird, and Rubin, The
algorithm, for example. uses maximum-
likelihood approaches. The problem with
this approach is that it takes a long (me 1o
put into practice. Meaningless values are
substituted for each other m dimension d
using the mean of all observed values, as
stated by Little and Rubin in 1987, A
benefit of the mean imputation is that it
overestimates the variance and overlooks
the connection between characleristics.
However, it suffers from poor imputation.
An overview of statistical analysis and
imputation  for modal  data was first
presented by R, Ubin in 1987, Since this
strategy is still under investigation, we may
compare ils accurscy  with  the ML
algorithms previously discussed.
According to Ghahramani and Jordan in
1994, multivariate density  functions  are
gencrally inadequate for describing  the
complexity of mixed data types. When
cateporical vanables are independent, the
benefit 15 clear. Using Gaussians and
multimomials  for  imputation  has  a
drawback, Zhang and colleagues published
their work in 2006 and 2008 as "Low
Dimensional representation-based
imputation.” Because of this, an SVD
analysis of the full dataset is performed to
find the primiry sigenvectors in the basic
technique,

Burgette and Reiter. The benefit s that
rindorm-forest exlEnsions have
demonstrasted  good  oteomes a5 well.
However, this techniguehas a drawback
that it wses random sampling  and
consecutive imputations until convergence.
Using random  sampling. Bouren and
CGroothuis-Oudshoorn developed 2
chaned equation approach for generalizing
i multivariste environments in 2001, The
benefit of successively running univariale
imputations until convergence 1s that it is

more efficient, The fact that it operates
slowly is a drawback. They presented these
non-pariimetric lechmgues for imputation
based on decision trees in 20012, saving that
they do mot depend on distnbutiomal
assumpions about the data, This technigue
has a significant benefit. The challenge is
that statistical models and optimization
difficulties are tightly linked in this case.

Acconding to Bertsimas, Van Parys, and
pumder, recent advancements  in
optimization have led to considerable
development in machine learning between
2014 and 2017, With this, the benefit is
that cffective implementations of integer
and convex optimization may be clumed.
The drawback is that it has issues with
median and mmr regression. As a result,
the missing data issue is revisited in this
study. Using
optimization-hased  approaches  for
imputation, W Can increase  our
imputation systems' performance outside
of the sample. Cons: [t's an explicit
oplimization problem formulation.

FROPOSED WORK AND DESIGN

The venture is relied vpon to foster a
Python-based mimng framework that can
giuge HD utilizing a wee. This procedure
utilized 14 things from UCL There are
many of the clanfications given (ot yet
known as hyperpasimeters) il is
ol however hard 1o anticipate those
defects, A basic substitute will settle on a
chomce  in view of the HD  screen
information,  which  will  unavoidably
diminish the presentation of the maching.
AI:‘L‘D‘I'I:!H:I%J}', the arranged exploration was
utilized 0 underrate the wonh  of
trustworthiness. We compute the worth of
each missing thing h-yn::lill:lstin ishing the
worth of the missing thing, [t is done in
investigate. The ﬁc_lu.t-r:d statistics was
utilized to suppla tnar:lc%l.‘.mir: qualitics
from 1.9% percent to 304G percent in
medical cline data,
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METHODROLOGY USED

In tmckling the issue (1), we can rupidly
utilize the principal mnovation o begm
giving the best outcames. We will 2ero in
On_impairi 'nﬁ; the BCDY and handicapping
[_51[%} colculations {Bertsekas, 1990 In
em 1, we uwse Algorithm | (likewise
called select, Emditﬂ, which involves BCD
or CD in Problem ( }I.Tahlrzsu:m;l.[lfum
%uulrll.cs of the capacity © {ﬂ for the U, W,
X cha and the K-NN. SWM, and
calculation caming irec.
Nitt I.'I.if solutions o ions (23, (3),
H‘,I.%ﬁ?ﬂu izing K-NN. 8VM, or enlistment
are given in 2.3-2 5. See Annex A for more
data. Utilizing the chari. decrease the worth
of the objective capacity 0 mo less than O
until ¢ assignment  is finished.
Cionsequently. the qu.muilé( of steps needed
o fimish the caloulation d 1 00c (UL, WO,
W X e, Wiand VI address the beginning
stage, X is the information, and UL is the
contention to Equation 1. . (2) However,
there s poassurance that the calculbstion will
open  essentially  the entire workd (1),
{Wright, 20157 In the accompanyin
5 ts, we will consider three models
and three methods Tor tackling the issue,
We give explicit data abour each maode] amd
every ope of the underlving phases of the
associntion between them. gciﬁra]]y. in
this review, we wilized numbers thit wene
known 1o every one of the sacrod wnitings,
and fostered 4 techmigque for losing dita
from - [0% o half  of the absolute
informational collection. Truth comprizes
of all the data that makes a X without losing
il‘l.ﬁ[hll'lg. We wtilize the most well-known
and exceptional calculations 1o ascertain
this data to foresee what's to come.

ALGORITHMS:

K-Nearest Neighbor { KNN) classification
methinl

The arlicle describes a single-siep greedy
strategy for imputation missing values that
uses an observation's K-nearest neighbours
based on Euclidean distance to impute
missing values,

[ the wsbsence of any sddittonal
coordinites, the averaged distance is used.
The answer was developed using the impuate
package m R, Using K-NN, a model son
that depesds on kearning. or sluggish
realization, the culeulation is slow and slow
until it s accomplished. The k-NN
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calculation is the easiest of all the artificial
intelligenee  calculations  to - carry  out
successfully.  No  peighbours  were
considered when categorizing things {for k-

| mimpatation and sio in [——
| & |

MN classificalions) or assessing property
virlwes {for k-NN withdruows).

STAGE 1: start

STAGE 2: D =(xl, cl), ..., (xN.cN) input

STAGE 3: The guantity of new cases to be
carried out is x =(xl .. xn).

STAGE 4 Determine the worth of d for

each case in which it is compesed (xi, i),
(i, &)

STAGE 5: d (xi, x) | = risiing reqjuest

1. Hy

STAGE & Select the K issue close to x:
¥k

STAGE T: S5core high

From dkx 1o x,

STAGE B: Conclusion

To track down the best answer for the issue
(1), we can utilize the primary echnigues o
order sbrupt tlemperstures. Specifically, we
will zero in on disturbance coondination

{BCDY and interruption coordination (CD)
(Bertsckas, 1999). Calculation 1, called

opt.impuie, camies out BCD or CD in issue
(1). The faciors U, W, V. X 4 the worth
capacity ¢ () are summed up in table 2 for
K-NN, S8WM, and trees. [ nite wechnigues
Tor taking care of issues (2, (3], (4) and (5}
of K-NN, S¥M and tree mncluding are
ponrayed in2.3-2.5.

In @ helpful manner, the worth of viable
activitics diminishes by something like
kugezall as far as possible; It tends to be
s¢en that the guantity of advances expected
tor fimish the caleulation is d | &0 ¢ (L0, W0,
Wik X3 e, WO, VD is the main worth. X is
the information, and BN is the argmin in
equation (2. In any case, ithe calculation
isn't permitted o irack down the lintlest size
on the planet (1) (Wright, 2015). For each
model and the primary reguest of sorls, we
make novel advancements
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Information assortmenl can assist you with
racking down ways of following previous
OCCIRIONS utilizing information
examination. To do this, you wse web
crawlers 10 make prescient formats and
change what's 10 come. In this module, we
gather data from the chromicles of the
kaggle data set. These figunss contain data
on yearly contrasis.

Data Cleaning

Information cleaning is a significant stage
in all Al exercises. It has a ton of abilities 1n
measurable investigation and information
recovery, so you can utilize it 1o look for
data to dizcover what information handling
exerises you can do.

Feature Extraction:

In Al picture acknow lodgment. and picture
handling. mining starts at the front of
estimated. usefinl data (oredits) pomted
toward gusranieeing, adjusting, following,
prompting greater locidity. Wipe out the
propemics related with aspect decrease.
Model training:

An illusration of this preparing is the
informational collection used 1o prepare the
ML calculstion. It comprises of applicable
info definitions that infloence information
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is a method for giving data about the ML
calculation and assist with deciding and get
familiar with the best importance of every
one of its highlights.

Testing model:

Programming  testing s fit  for
distinguishing  formative  blunders  and
oversights. You don't need vour clients 1o
have issues after the product is delivered,
Various sorts of tests peromit just apparent
blunders o happen during activity.

Performance Evaluation :

Execution examinations are characterized
a5 guidelines and successful proportions of
representaiive  execution and execufion,
contingent upon the worker's liabilities. It is
utilized to quantify representative worth
incloded request to increment business
income contrasted with industry norms and
gross profit from venture (RO,

Prediction:

The calculation gives the potential gualities
of the obscure factors for esch new
information archive and permits the creator
to know what they mean.

In this module, we utilize a prepared and
created Al technigue to decide whether the
patient is posing similar  inguiries  and
posing similar inguiries.

RESULTS

Here arc a few ideas on the most proficicnt
method to ook or get an arrangement for
tattons, At times, the data given is utilized
a5 a reason for exhibiting Al or data
handling innovation. In different cases, it is
utilized &s a reason for looking at changed
strategies. We utilized the technique on 84
informational indexes in the UCT Machine
Learning  data  set. The size of this
information 15 given from n = 23 to 5 875,
with p = 2 to 124, In the accompanyin

arens, we first show the genuineness o

everything. The fast and for the most part
substitution technique prompts a decrease
in MAE. Presently we show that the nature
of conviction 15 extremely high as far as
decision. Contrasted wiath the technigques
utihzed, it prompts  forther developed

execution and lower hack. We will keep on
examining the owtlines (K, cp. '.’_‘i. start
temperature, how to fall (BCD or O, the
arrangement of the information, including
the nature of the self-appraisal work
contingent upon the missing techmgue. At
long last, we think about the computational
heaps of every technigue. The pictures
underneath shows the outcomes.

MISSING DATA SET:

Figi4)
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