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I.   COURSE DESCRIPTION IN ABET FORMAT 

 
II.   TESTS  

Summary of Topics covered by Test   
Original Test Questions & Master Solution/grading scheme used   
(Summary of topics can be a separate page or include on the assignment itself) 
  Above Average  (Graded original work ) 
  Average       (Graded original work ) 
  Below Average  (Graded original work ) 

 
III.  HOMEWORK ASSIGNMENTS 

Summary of Topics covered by Homework  
Original Homework Questions & Master Solution/grading scheme used   
    Above Average  (Graded original work ) 
  Average       (Graded original work ) 
  Below Average  (Graded original work ) 

 
 

V.  PROJECT 
       Summary of Topics Covered  by Project 
       Project Problem Statement and Grading Scheme 

   Above Average  (Graded original work ) 
  Average       (Graded original work ) 
  Below Average  (Graded original work ) 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 



 
 

Course Description in ABET Format  
 

ELECTRICAL AND COMPUTER ENGINEERING 
DEPARTMENT 

ELEG 4310 P01 ST/MACHINE LEARNING 
 

1. Course number and name: ELEG 4310 P01  ST/MACHINE LEARNING 
 

2. Credits and contact hours: 3 credit hours;  
*  Subject Area: Engineering Topics 

3. Instructor’s or course  
coordinator’s name: 

 
Dr. Xishuang Dong 
 

4. Text book: Title: An Introduction to Machine Learning 
                   Author: Miroslav Kubat  
                   Publisher, Year & Edition: 2017, Springer International Publishing, 

ISBN: 978-3319348865 
 

  a. Other Supplemental material Pattern Recognition and Machine Learning, by 
Christopher M. Bishop, Springer- Verlag New York, 
2006. 
ISBN: 978-0387310732 
 
Machine Learning: A Probabilistic Perspective, by Kevin 
Murphy, MIT Press, 2012. 
ISBN: 978-0262018029 

5. Specific course information  
 a. Brief description of the content of the 

course (catalog description) 
ELEG 4310 – Machine Learning. Credit 3 semester hours. 
Fundamentals of machine learning models. Feature 
Selection, Bayesian Classifiers, Nearest-Neighbor 
Classifiers, Linear and Polynomial Classifiers, Decision 
Tree, Ensemble Learning, Artificial Neural Networks, 
hands-on practices and projects. 

 b. Prerequisites or  
     Co-requisites 

None 
 

 c. ** Indicate whether a required, elective, 
or selected elective (as per definition 
provided) course in the program 
 

Speical Topic 

6. Specific goals for the course  Students will be able to: 



a. specific outcomes of instruction (e.g. 
The student will be able to explain the 
significance of current research about a 
particular topic.)   

 

1. Understand the fundamental concepts and principles in 
machine learning; 
2. Obtain the knowledge of several important machine 
learning models to solve real world problems of data 
analytics. 
 

 b. Explicitly indicate which of the student 
outcomes listed in Criterion 3 or any 
other outcomes are addressed by the 
course. 

None 
 
 

7 Brief list of topics to be covered 
 

Introduction to Machine Learning                         (2 hours) 
Introduction to Python                                           (3 hours) 
Feature Selection and Sampling                            (3 hours) 
Bayesian Classifiers                                               (3 hours) 
Nearest-Neighbor Classifiers                                 (2 hours) 
Linear and Polynomial Classifiers                         (3 hours) 
Decision Tree                                                         (3 hours)   
Ensemble Learning                                                (3 hours) 
Unsupervised Learning                                          (3 hours) 
Artificial Neural Networks                                    (3 hours) 
Introduction to Deep Learning and TensorFlow    (3 hours) 
Convolutional Neural Networks and Recurrent Neural 
Networks                                                                (2 hours) 
Machine Learning on Embedded Systems             (2 hours) 
Project Presentation                                               (6 hours) 

 
 
  



 
 

 
 
 

 
ST/MACHINE LEARNING 

FALL 2022 
 
        

Title of Assignment:  TEST 1 
 

TOPICS COVERED IN TEST 1 
 

 Test 1 covered the following topics: 
 

1. Introduction to Machine Learning                          
2. Python Programming                                         
3. Feature Selection and Sampling                             
4. Bayesian Classifiers                                                 
5. Decision Tree                                                          

 
 
 
 
 
 
 
 
 
 
 
  



ST/MACHINE LEARNING 
FALL 2022 

 
Test 1 Question and Solution 

 
1. Describe 3 applications that are built with machine learning techniques (10 points). 
 
Solution: 
 
Face Recognition that is to learn a classifier to judge whether these is a face in the image. (3 points) 
Recommendation System this is to profile personal interests as features and use these features to 
construct classifiers to classify products into two classes: interesting and uninteresting. (3 points) 
Spam Detection that is using machine learning to build text classifier in order to recognize 
spamming emails. (4 points) 
 
Any reasonable applications are acceptable. 
 
2. Using a concrete example to explain the steps for building a machine learning model (10 points). 
 
Solution: 
 
There are six steps as below to build a machine learning model. 
(1) Business Understanding (1 point) 
(2) Data Understanding (1 point) 
(3) Data Preparation (1 point) 
(4) Modeling (2 point) 
(5) Evaluation (1 point) 
(6) Deployment (1 point) 
 
Taking face recognition as the example, in the first step, developers should figure out the business 
value of face recognition. Then in the second step, the developers should gain the basic statistic 
information on the raw data such as ground truth distribution. In the next, the raw data should be 
preprocessed such as missing value processing and removing noises. In the fourth step, it is to select 
a machine learning methods or constructing a novel machine learning method on the pre-processed 
training data. Next, the machine learning should be evaluated with predefined metrics on the testing 
data. Finally, the model can be deployed to the customers if the evaluating results satisfy to 
customer requirements.  (3 points) 
 
3. Why do we need to process missing values on the raw data for building machine learning models? 
Please use an example to illustrate the reason, where the example must include the concrete the 
methods to processing the missing values (10 points). 
 
Solution: 
 
The reasons are as below. (4) 
(1) Data is rarely clean and often you have data quality issues. 
(2) Avoid "garbage in, garbage out" 
 



The methods to processing missing values include Deletion, Mean substitution, and frequent 
substitution. (4 points) 
 
One concrete example is shown as the following figure. (2 points) 

 
 
4. Write a function with Python that is to implement Addition, Subtraction, Multiplication, and 
Division between two numbers (10 points). 
 
Solution: 
 
def calculation(num1, num2): (1 points) 
 #addition 
 sum = num1 + num2 (2 points) 
 #subtraction 
 sub = num1 – num2 (2 points) 

#multiplication 
 mul = num1* num2 (2 points) 
 #division 
 div = num1/ num2 (2 points) 
 
 return sum, sub, mul, div (1 points) 
 
5. List 2 machine learning models you have learned and describe their limitations and advantages 
(15 points). 
 
Solution: 
 
Bayes Model (7 points) 
Limitations: 
(1) If a given class and feature value never occur together in the training data, then the frequency-
based probability estimate will be zero. 
(2) Strong assumption that all features are independent. 
Advantages: 
(1) Easy to build 



(2) Faster to train, compared to the other models 
 
Decision Tree (8 points) 
Advantages of Decision Tree: 
(1) Simple to understand and to interpret 
(2) To build decision tree requires little data preparation 
(3) Decision trees are able to handle both continuous and categorical variables. 
(4) Implicitly perform feature selection 
Disadvantages of Decision Tree: 
(1) They are prone to over-fitting. 
(2) Decision Tree learner can create biased trees in case of unbalanced data 
 
6. Suppose that you will build a Gaussian Naïve Bayes model on the dataset, where the dataset 
contains 10 features and 2 classes. How many parameters will be learned on the datasets when 
completing the training of the Gaussian Naïve Bayes model? Please write your answer with a 
detailed procedure (10 points). 
 
Solution: 
 
(1) It’s binary classification (2 classes). (2 points) 
(2) There are 10 features, and each feature will have 2 parameters (one mean value and one standard 
deviation) for each class. (4 points) 
(3) The total parameters 40 (4 points) 
40 = 10 * 2 * 2  
 
7. Feature Selection (15 points). 
 
Solution: 
 
(1) Using figures to explain the flows of filter-based and model-based feature selection methods 
(8 points) 
 
Filter-based method (4 points) 

 
 
Model-based method (4 points) 

 
 
(2) Explaining Chi Squared Test based feature selection  
 



 
Solution: 
 

 
 
8. Suppose you have the following training examples, described by four attributes, x1, x2, x3, x4, 
and labeled by classes c1 and c2. 
 

 

x1 x2 x3 x4 class 
0.5 0.9 1.3 2.1 c1 
1.1 0.6 1.5 2.6 c1 
1.3 2.4 2.5 1.7 c2 
6.3 1.9 3.8 6.4 c2 
2.1 3.2 3.5 5.4 c2 

 
Decide whether x = [1.5, 3.7, 3.8, 3.3] should belong to c1 or c2 with Gaussian Bayes Model 
(20 points). 

For class 1, we will have 8 parameters including µ1,1, µ1,2, µ1,3, µ1,4, and ð1,1, ð1,2, ð1,3, ð1,4. 
 
Solution: 
 
µ1,1 = (0.5 + 1.1)/2.0 = 0.8 (1 point) 
µ1,2 = (0.9 + 0.6)/2.0 = 0.75 (1 point) 
µ1,3 = (1.3 + 1.5)/2.0 = 1.4 (1 point) 
µ1,4 = (2.1 + 2.6)/2.0 = 2.35 (1 point) 
 
ð1,1 = 0.42 (1 point) 
ð1,2 = 0.21 (1 point) 
ð1,3 = 0.14 (1 point) 
ð1,4 = 0.35 (1 point) 
 
µ2,1 = 3.2 (1 point) 
µ2,2 = 2.5 (1 point) 
µ2,3 = 3.2 (1 point) 
µ2,4 = 4.5 (1 point) 
 
ð2,1 = 2.6 (1 point) 
ð2,2 = 0.65 (1 point) 



ð2,3 = 0.68 (1 point) 
ð2,4 = 2.47 (1 point) 
 
p(c1|x) = p(c1)*p(x1|c1) *p(x2|c1) *p(x3|c1) *p(x4|c1) = 0.0005 (1 point) 
 
p(c2|x) = p(c2)*p(x1|c2) *p(x2|c2) *p(x3|c2) *p(x4|c2) = 4.5e-107(1 point) 
 
p(c1|x) > p(c2|x) so x belongs to c1 (2 point) 
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Title of Assignment:  TEST 2 
 

TOPICS COVERED IN TEST 2 
 

 Test 2 covered the following topics: 
 

1. Nearest-Neighbor Classifiers                               
2. Linear and Polynomial Classifiers                          
3. Unsupervised Learning                                          
4. Artificial Neural Networks                                     

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



ST/MACHINE LEARNING 
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Test 2 Question and Solution 

 
1. Determine the class of y = [2,3] using the 3-N classifier and the 5-NN classifier, both using the 
training examples from table below (25 points). 
 
x1 2 2 1 4 3 2 6 4 8 
x2 3 0 7 5 2 2 3 2 2 
class + + - - + + - + + 

 
 Solution: 

 
D1 = (2-2)*(2-2) + (3-3)*(3-3) = 0 (+)  (2 points) 
D2 = (2-2)*(2-2) + (0-3)*(0-3) = 9 (+)  (2 points) 
D3 = (2-1)*(2-1) + (7-3)*(7-3) = 17 (-) (2 points) 
D4 = (2-4)*(2-4) + (5-3)*(5-3) = 8 (-)  (2 points) 
D5 = (2-3)*(2-3) + (2-3)*(2-3) = 2 (+)  (2 points) 
D6 = (2-2)*(2-2) + (2-3)*(2-3) = 1 (+)  (2 points) 
D7 = (2-6)*(2-6) + (3-3)*(3-3) = 16 (-) (2 points) 
D8 = (2-4)*(2-4) + (2-3)*(2-3) = 5 (+)  (2 points) 
D9 = (8-2)*(8-2) + (2-3)*(2-3) = 37 (+) (2 points) 
 
3-N classifier: D1 (+), D6 (+), D5 (+), applying majority voting and the class is positive (3 points) 
 
5-N classifier: D1 (+), D6 (+), D5 (+), D8 (+), D4 (-), applying majority voting and the class is 
positive. (4 points) 
 
2. Please explain details on implementing multiclass classification based on linear model (20 
points). 
 

 Solution: 
 

• Build N different binary classifiers. 
• For the ith classifier, let the positive examples be all the points in class i, and let the 

negative examples be all the points not in class i. 
• Let fi. be the ith classifier 
• On a new input x to make a prediction, pick the class i that maximizes 

 
3. Explain vanishing gradient when applying sigmod function as activation function to build a 
neural network (20 points). 
 

 Solution: 
 
 The neuron’s activation saturates at either tail of 0 or 1. The curve is flat near 0 and 1. The gradient 

at these regions is almost zero. if the local gradient is very small, it will effectively “kill” the 
gradient during backpropagation. Thus, the weights in these neurons do not update. Not only that, 



the weights of neurons connected to such neurons are also slowly updated. This problem is also 
known as vanishing gradient. 
 
 
4. Given a vector A = <1.2, 1.3, 0.9, 2.5>, show details on calculation steps of applying softmax 
function to map the vector A to a probability vector B (15 points). 
 

 Solution: 

 
e1.2 = 3.32 (1.5 point) 
e1.3 = 3.66 (1.5 point) 
e0.9 = 2.45 (1.5 point) 
e2.5 = 12.18 (1.5 point) 
 
∑ 𝑒𝑒𝑧𝑧𝑖𝑖𝑗𝑗 = 3.32 + 3.66 + 2.45 + 12.18 = 21.51 (3 points) 
 
P1=3.32/21.51= 0.15 (1.5 point) 
P2=3.66/21.51= 0.17 (1.5 point) 
P3=2.45/21.51= 0.11 (1.5 point) 
P4=12.18/21.51= 0.57 (1.5 point) 
 
B = <015, 0.17, 0.11, 0.57> 
 
5. Explain the difference between supervised learning and unsupervised learning (20 points). 
 

 Solution: 
 

• Supervised learning: (10 points). 
• Discover patterns in the data that relate data attributes with a target (class) 

attribute.  
• These patterns are then utilized to predict the values of the target attribute in future 

（unseen） data instances.  
• Unsupervised learning: (10 points). 

• The data have no target attribute.  
• Explore the data to find some intrinsic structures in them.  
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HOMEWORK 1 
 
 

TOPICS COVERED IN HOMEWORK 1 
 

1. Introduction to Machine Learning                          
2. Python Programming                                         
3. Feature Selection and Sampling                             
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 



ST/Machine Learning 
FALL 2022 

 
HOMEWORK #1  

 
Title: Data Preprocessing and Feature Selection.  
 
• Processing missing values on the dataset “pima-indians-diabetes” 

(https://www.kaggle.com/uciml/pima-indians-diabetes-database?select=diabetes.csv), where 
the missing values are zeros for these attributes 
- Displaying the number of missing values in the first 3 columns (attributes) 
- Replacing missing values in the first 3 columns with “NaN” and outputting the results 
- Fill missing values with mean column values for the first 3 columns 

• Feature selection on the dataset “pima-indians-diabetes” 
- Selecting 3 features with Chi2 method from the dataset and validate the features with 

logistic regression model 
 

Note: Download the dataset "pima-indians-diabetes" from  
https://www.kaggle.com/uciml/pima-indians-diabetes-database?select=diabetes.csv   

 
Requirements: 
 Submitting the jupyter notebook and the data, where the codes in the jupyter notebook have 

no bugs. (5 points) 
 Write and submit a report with the following parts: (5 points) 

- Task description  
- Method description 
- Result analysis 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ST/Machine Learning 

https://www.kaggle.com/uciml/pima-indians-diabetes-database?select=diabetes.csv


FALL 2022 
 

HOMEWORK #1  
 

Coding Solution: 
 
Part 1: 

 

 

 
Part 2: 
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Report grading: 5 points 
 

 
 
 
 
 
 

 
 

ELEG 4310 Special Topic Machine Learning  
Homework 1: Data Preprocessing and Feature Selection 

Brandon Beckwith 
Instructor: Dr. Xishuang Dong 

Due February 25,2022 
 
 
 

Task description 
• Data Process 

o Use file link “pima-indians-diabetes” file to process missing values 
• Count the missing values 

o In the first 3 columns the number of missing values  
• Substitute missing values 

o Replace missing values with “NaN” and outputting the results 
• Fill missing values  

o Use mean values in place of the missing values  



• Create Feature selection  
o To generate score for testing method 

• Selecting 3 features 
o Using Chi2 method from the dataset and cross validation method 

Method description 
Data process 
First , ‘Import pac’ script for libraries used within code, then utilize the url for the CSV file for 
the Data  and set a unique function call for the CSV file. Isolating the first the columns by using 
the ‘.iloc[:,0:3]’. In the code shown, dataset is used as the function call to load the data, and ‘FTC’ 
is the function that isolates the first three column. 

 
The Mean values for each column were assign in order a call function as followed c1, c2 c3 for 
future use. 
Counting the missing values was generated by ‘.sum()’. By writing the ‘(FTC==0).sum()’ was 
able to obtain the summation of the FTC (First Three Columns) using the print() command. The 
FTC columns acknowledged for the replacement of unknown as 0 to NaN using the function. 



 
Writing the function ‘FTC[['Pregnancies']] = FTC[['Pregnancies']].replace('NaN',c1) 
Print (FTC[['Pregnancies']])’ applied the mean value generated by the function call ‘c1’ which 
was initialized at the beginning of the code. Th same process was continue for rest of the 
columns. 

 
The following step are the process to preparation data for testing using the Chi Squared and 
Logistic Regression Model. Removing unknown values within the dataset will give a better 
overall accuracy rating. This is done using the ‘.dropna()’ which removes the rows that have 
‘NaN values’. Changes the ‘NaN’ back from the previous ‘mean’ value step was necessary 
process for this command to work properly. 



 
Intialize the dataset to an array, we can exact data values to a character sX (features) and Y(label) 
for the purpose of LR model using the k-fold validation method. The k-fold is run through a 
thousand iteration and folded into three. Th k-fold cross validation is followed by the Chi Square 
test using the k(features selection) of three. This process is pushed through a feature selector by 
using the ‘feature_selected = fs.transform(X)’ to generated a score. This LR model Accuracy on 
Selected  Features processed for a second time and evaluated with the original accuracy of  the 1st 
test. 



 

 
Result Analysis 



As the result from the Ch Squared, the accuracy diminish as the k-fold cross validation was 
processed the second time from .770004 to 0.73046:. This could mean the data processing 
procedure did not clean the dataset enough to provide an accurate test set for the model.  
 
Coding grading: 5 points 
 
#import pac 

import pandas as pd 
import numpy as np 
from sklearn.decomposition import PCA 
from sklearn.model_selection import KFold 
from sklearn.feature_selection import chi2 
from sklearn.feature_selection import SelectKBest 
from sklearn.linear_model import LogisticRegression 
from sklearn.model_selection import cross_val_score 

In [2]: 
# load data 

 

url = "https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indian

s-diabetes.data.csv" 

names = ['Pregnancies', 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin

', 'BMI', 'DiabetesPedigreeFunction', 'Age', 'Outcome'] 

dataset = pd.read_csv(url, names=names) 

FTC = dataset.iloc[:,0:3] 

c1 = FTC['Pregnancies'].mean() 

c2 = FTC['Glucose'].mean() 

c3 = FTC['BloodPressure'].mean() 

In [3]: 
print(dataset.describe()) 

       Pregnancies     Glucose  ...         Age     Outcome 

count   768.000000  768.000000  ...  768.000000  768.000000 

mean      3.845052  120.894531  ...   33.240885    0.348958 

std       3.369578   31.972618  ...   11.760232    0.476951 

min       0.000000    0.000000  ...   21.000000    0.000000 

25%       1.000000   99.000000  ...   24.000000    0.000000 

50%       3.000000  117.000000  ...   29.000000    0.000000 

75%       6.000000  140.250000  ...   41.000000    1.000000 

max      17.000000  199.000000  ...   81.000000    1.000000 

 

[8 rows x 9 columns] 

In [4]: 
print((FTC == 0).sum()) 

Pregnancies      111 

Glucose            5 

BloodPressure     35 

dtype: int64 



In [5]: 
FTC[['Pregnancies', 'Glucose', 'BloodPressure']] = FTC[['Pregnancies', 'Glucos

e', 'BloodPressure']].replace(0,'NaN') 

print(FTC) 

    Pregnancies Glucose BloodPressure 

0             6     148            72 

1             1      85            66 

2             8     183            64 

3             1      89            66 

4           NaN     137            40 

..          ...     ...           ... 

763          10     101            76 

764           2     122            70 

765           5     121            72 

766           1     126            60 

767           1      93            70 

 

[768 rows x 3 columns] 

In [6]: 
FTC[['Pregnancies']] = FTC[['Pregnancies']].replace('NaN',c1) 

print(FTC[['Pregnancies']]) 

     Pregnancies 

0       6.000000 

1       1.000000 

2       8.000000 

3       1.000000 

4       3.845052 

..           ... 

763    10.000000 

764     2.000000 

765     5.000000 

766     1.000000 

767     1.000000 

 

[768 rows x 1 columns] 

In [7]: 
FTC[['Glucose']] = FTC[['Glucose']].replace('NaN',c2) 

print(FTC[['Glucose']]) 

     Glucose 

0      148.0 

1       85.0 

2      183.0 

3       89.0 

4      137.0 

..       ... 

763    101.0 



764    122.0 

765    121.0 

766    126.0 

767     93.0 

 

[768 rows x 1 columns] 

In [8]: 
FTC[['BloodPressure']] = FTC[['BloodPressure']].replace('NaN',c3) 

print(FTC[['BloodPressure']]) 

     BloodPressure 

0             72.0 

1             66.0 

2             64.0 

3             66.0 

4             40.0 

..             ... 

763           76.0 

764           70.0 

765           72.0 

766           60.0 

767           70.0 

 

[768 rows x 1 columns] 

In [9]: 
print(FTC) 

     Pregnancies  Glucose  BloodPressure 

0       6.000000    148.0           72.0 

1       1.000000     85.0           66.0 

2       8.000000    183.0           64.0 

3       1.000000     89.0           66.0 

4       3.845052    137.0           40.0 

..           ...      ...            ... 

763    10.000000    101.0           76.0 

764     2.000000    122.0           70.0 

765     5.000000    121.0           72.0 

766     1.000000    126.0           60.0 

767     1.000000     93.0           70.0 

 

[768 rows x 3 columns] 

In [10]: 
Popeyes = dataset.iloc[:,0:3].replace(0,'NaN') 

In [11]: 
ds = Popeyes 

ds = ds.apply(pd.to_numeric, errors='coerce') 

ds = ds.dropna() 

ds = ds.reset_index(drop=True) 



 

# Summarize the number of rows and columns in the dataset 

print(ds) 

     Pregnancies  Glucose  BloodPressure 

0            6.0    148.0           72.0 

1            1.0     85.0           66.0 

2            8.0    183.0           64.0 

3            1.0     89.0           66.0 

4            5.0    116.0           74.0 

..           ...      ...            ... 

622         10.0    101.0           76.0 

623          2.0    122.0           70.0 

624          5.0    121.0           72.0 

625          1.0    126.0           60.0 

626          1.0     93.0           70.0 

 

[627 rows x 3 columns] 

In [13]: 
# Extract data 

array = dataset.values 

X = array[:627,0:8] # 0 ~ 7 columns for features 

Y = array[:627,8] # 8st column for the label 

print(X) 

print(Y) 

[[6.00e+00 1.48e+02 7.20e+01 ... 3.36e+01 6.27e-01 5.00e+01] 

 [1.00e+00 8.50e+01 6.60e+01 ... 2.66e+01 3.51e-01 3.10e+01] 

 [8.00e+00 1.83e+02 6.40e+01 ... 2.33e+01 6.72e-01 3.20e+01] 

 ... 

 [2.00e+00 1.08e+02 6.40e+01 ... 3.08e+01 1.58e-01 2.10e+01] 

 [4.00e+00 9.00e+01 8.80e+01 ... 3.77e+01 3.62e-01 2.90e+01] 

 [0.00e+00 1.25e+02 6.80e+01 ... 2.47e+01 2.06e-01 2.10e+01]] 

[1. 0. 1. 0. 1. 0. 1. 0. 1. 1. 0. 1. 0. 1. 1. 1. 1. 1. 0. 1. 0. 0. 1. 1. 

 1. 1. 1. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 0. 0. 0. 1. 0. 1. 0. 0. 

 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 1. 0. 0. 0. 1. 0. 

 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 

 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 1. 0. 0. 1. 1. 1. 0. 0. 0. 

 1. 0. 0. 0. 1. 1. 0. 0. 1. 1. 1. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 

 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 1. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 1. 0. 0. 

 0. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 1. 1. 0. 0. 

 1. 1. 0. 1. 0. 1. 1. 1. 0. 0. 0. 0. 0. 0. 1. 1. 0. 1. 0. 0. 0. 1. 1. 1. 

 1. 0. 1. 1. 1. 1. 0. 0. 0. 0. 0. 1. 0. 0. 1. 1. 0. 0. 0. 1. 1. 1. 1. 0. 

 0. 0. 1. 1. 0. 1. 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 0. 

 1. 0. 1. 0. 0. 1. 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 0. 1. 1. 0. 0. 1. 

 0. 0. 0. 1. 1. 1. 0. 0. 1. 0. 1. 0. 1. 1. 0. 1. 0. 0. 1. 0. 1. 1. 0. 0. 

 1. 0. 1. 0. 0. 1. 0. 1. 0. 1. 1. 1. 0. 0. 1. 0. 1. 0. 0. 0. 1. 0. 0. 0. 

 0. 1. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 0. 1. 



 1. 0. 0. 1. 0. 0. 1. 0. 0. 1. 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 0. 0. 0. 0. 

 0. 0. 1. 1. 1. 0. 0. 1. 0. 0. 1. 0. 0. 1. 0. 1. 1. 0. 1. 0. 1. 0. 1. 0. 

 1. 1. 0. 0. 0. 0. 1. 1. 0. 1. 0. 1. 0. 0. 0. 0. 1. 1. 0. 1. 0. 1. 0. 0. 

 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 1. 1. 1. 0. 0. 1. 0. 0. 1. 0. 0. 0. 1. 

 0. 0. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 

 1. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 

 0. 0. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 

 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 1. 1. 1. 0. 0. 1. 1. 0. 0. 0. 0. 0. 

 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 0. 

 0. 1. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 1. 0. 1. 0. 1. 0. 0. 1. 0. 0. 1. 0. 

 0. 0. 0. 1. 1. 0. 1. 0. 0. 0. 0. 1. 1. 0. 1. 0. 0. 0. 1. 1. 0. 0. 0. 0. 

 0. 0. 0.] 

In [14]: 
# Evaluate an Logistic Regression (LR) model with Accuracy  

# using k-fold cross validation 

model = LogisticRegression(random_state=0, max_iter = 1000) 

kfold = KFold(n_splits = 3) # 3-fold cross validation  

result = cross_val_score(model, X, Y, cv = kfold, scoring='accuracy') 

In [15]: 
fs_chi2 = SelectKBest(score_func = chi2, k = 3) 

fs = fs_chi2.fit(X, Y) 

print(fs.scores_) 

[  86.57381139 1148.83693175    7.83722286   46.85293726 2497.07113534 

  122.73207892    5.20316257  131.76934424] 

In [17]: 
# Selecting features with these scores 

feature_selected = fs.transform(X) 

 

# Displaying selected features 

print(feature_selected[0:768,0:3]) 

[[148.   0.  50.] 

 [ 85.   0.  31.] 

 [183.   0.  32.] 

 ... 

 [108.   0.  21.] 

 [ 90.  54.  29.] 

 [125.   0.  21.]] 

In [18]: 
# Evaluate an Logistic Regression (LR) model with Accuracy on Selected Feature

s 

# using k-fold cross validation 

model = LogisticRegression(random_state=0, max_iter = 1000) 

kfold = KFold(n_splits = 3) # 3-fold cross validation  

fs_result = cross_val_score(model, feature_selected, Y, cv = kfold, scoring='a

ccuracy') 

In [19]: 



# Display the mean of Accuracy of 3-fold cross validation  

print('Accuracy mean of 3-fold cross validation is ', fs_result.mean()) 

Accuracy mean of 3-fold cross validation is  0.7304625199362041 

In [20]: 
# Comparing performance between original data  

# and data processing with feature selection 

print('Original Accuracy: ', result.mean()) 

print('VS') 

print('FS Accuracy: ',  fs_result.mean()) 

Original Accuracy:  0.7799043062200957 

VS 

FS Accuracy:  0.7304625199362041 

 
 
  



 
 
 
 
 
 
 
 
 
 
 
 
 

AVERAGE  
 
  



Report grading: 4 points 
Comments: Result analysis is not associated with performance comparison and analysis. 
 
Kevin Mcdonald 
Professor Domg PHD  
ST/ML 
 25, Feb 2022 

Data Preprocessing and Feature Selection. 

Task Description: To preprocess the “pima-indians-diabetes” dataset and display the number of 
missing values in the first three columns, replace the missing values in the first 3 columns with NaN 
and outputting the results, fill the missing values with the mean for the first 3 columns. Then use 
the Chi squared method to select three features from the dataset and validate them with the logistics 
regression model 
Method Description 
The process of completing the task started out difficult with the first impediment being able to read 
in only the first three columns of the dataset ('Preg', 'Gluc', 'Blood'). This was circumvented by 
creating a new variable to place hold the old variable until they could be inserted back into the data 
after being preprocessed 
Display-Replace-Fill. 1.) The first task of displaying the count of missing values can be solved 
using a .sum() function to count the number of 0’s in  each column. The second task of replacing 
the missing values or 0’s was addressed using a .replace function  3.)  The third task combined both 
the use of the .mean and the . replace functions. 

Feature Selection: This was perhaps the most difficult part of the whole assignment, i spent 85% 
of my assigned time just trying to figure out chi squared results were right because my target and 
test acc. Never lined up with the lab.  
Result Analysis; More knowledge and studying is needed for me to truly understand how to feature 
select and reduce efficiently in python, other than that the assignment was familiar to my skill set.  
 
Coding grading: 5 points 
 
#import pac 

import pandas as pd 
import numpy as np 
from sklearn.decomposition import PCA 
from sklearn.model_selection import KFold 
from sklearn.feature_selection import chi2 
from sklearn.feature_selection import SelectKBest 
from sklearn.linear_model import LogisticRegression 
from sklearn.model_selection import cross_val_score 

In [3]: 
# load data 

url = "https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indian

s-diabetes.data.csv" 



names = ['Preg', 'Gluc', 'Blood', 'Skin', 'Sugar', 'Mass', 'DP', 'Age', 'Outty

'] 

dataset = pd.read_csv(url, names=names) 

In [4]: 
#variables 

X = dataset.iloc[:, 0:3] 

c1 = X['Preg'].mean() 

c2=X['Gluc'].mean() 

c3=X['Blood'].mean() 

In [5]: 
#Count the number of 0's in each column 

 

print((dataset[['Preg', 'Gluc', 'Blood']] == 0).sum()) 

Preg     111 

Gluc       5 

Blood     35 

dtype: int64 

In [6]: 
#replace missing values with NaN 

 

X[['Preg', 'Gluc', 'Blood']]=X[['Preg', 'Gluc', 'Blood']].replace(0, 'NaN') 

print(X) 

    Preg Gluc Blood 

0      6  148    72 

1      1   85    66 

2      8  183    64 

3      1   89    66 

4    NaN  137    40 

..   ...  ...   ... 

763   10  101    76 

764    2  122    70 

765    5  121    72 

766    1  126    60 

767    1   93    70 

 

[768 rows x 3 columns] 

In [7]: 
#Fill missing values with mean 

X[['Blood',]]=X[['Blood']].replace('NaN', c3) 

X[['Gluc',]]=X[['Gluc']].replace('NaN', c2) 

X[['Preg',]]=X[['Preg']].replace('NaN', c1) 

print(X) 

          Preg   Gluc  Blood 

0     6.000000  148.0   72.0 

1     1.000000   85.0   66.0 

2     8.000000  183.0   64.0 



3     1.000000   89.0   66.0 

4     3.845052  137.0   40.0 

..         ...    ...    ... 

763  10.000000  101.0   76.0 

764   2.000000  122.0   70.0 

765   5.000000  121.0   72.0 

766   1.000000  126.0   60.0 

767   1.000000   93.0   70.0 

 

[768 rows x 3 columns] 

In [74]: 
# Extract data 

array = dataset.values 

X = array[:615,0:8]  

Y = array[:615,8]  

print(X) 

print(Y) 

[[  6.    148.     72.    ...  33.6     0.627  50.   ] 

 [  1.     85.     66.    ...  26.6     0.351  31.   ] 

 [  8.    183.     64.    ...  23.3     0.672  32.   ] 

 ... 

 [  7.    168.     88.    ...  38.2     0.787  40.   ] 

 [  6.    105.     80.    ...  32.5     0.878  26.   ] 

 [ 11.    138.     74.    ...  36.1     0.557  50.   ]] 

[1. 0. 1. 0. 1. 0. 1. 0. 1. 1. 0. 1. 0. 1. 1. 1. 1. 1. 0. 1. 0. 0. 1. 1. 

 1. 1. 1. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 0. 0. 0. 1. 0. 1. 0. 0. 

 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 1. 0. 0. 0. 1. 0. 

 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 

 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 1. 0. 0. 1. 1. 1. 0. 0. 0. 

 1. 0. 0. 0. 1. 1. 0. 0. 1. 1. 1. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 

 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 1. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 1. 0. 0. 

 0. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 1. 1. 0. 0. 

 1. 1. 0. 1. 0. 1. 1. 1. 0. 0. 0. 0. 0. 0. 1. 1. 0. 1. 0. 0. 0. 1. 1. 1. 

 1. 0. 1. 1. 1. 1. 0. 0. 0. 0. 0. 1. 0. 0. 1. 1. 0. 0. 0. 1. 1. 1. 1. 0. 

 0. 0. 1. 1. 0. 1. 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 0. 

 1. 0. 1. 0. 0. 1. 1. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 0. 1. 1. 0. 0. 1. 

 0. 0. 0. 1. 1. 1. 0. 0. 1. 0. 1. 0. 1. 1. 0. 1. 0. 0. 1. 0. 1. 1. 0. 0. 

 1. 0. 1. 0. 0. 1. 0. 1. 0. 1. 1. 1. 0. 0. 1. 0. 1. 0. 0. 0. 1. 0. 0. 0. 

 0. 1. 1. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 1. 1. 1. 0. 1. 

 1. 0. 0. 1. 0. 0. 1. 0. 0. 1. 1. 0. 0. 0. 0. 1. 0. 0. 1. 0. 0. 0. 0. 0. 

 0. 0. 1. 1. 1. 0. 0. 1. 0. 0. 1. 0. 0. 1. 0. 1. 1. 0. 1. 0. 1. 0. 1. 0. 

 1. 1. 0. 0. 0. 0. 1. 1. 0. 1. 0. 1. 0. 0. 0. 0. 1. 1. 0. 1. 0. 1. 0. 0. 

 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 1. 1. 1. 0. 0. 1. 0. 0. 1. 0. 0. 0. 1. 

 0. 0. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 

 1. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 1. 0. 0. 0. 1. 0. 

 0. 0. 1. 0. 0. 0. 1. 0. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 



 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 1. 1. 1. 1. 0. 0. 1. 1. 0. 0. 0. 0. 0. 

 0. 0. 0. 0. 0. 0. 0. 0. 1. 1. 0. 0. 0. 0. 0. 0. 0. 1. 0. 0. 0. 0. 0. 0. 

 0. 1. 0. 1. 1. 0. 0. 0. 1. 0. 1. 0. 1. 0. 1. 0. 1. 0. 0. 1. 0. 0. 1. 0. 

 0. 0. 0. 1. 1. 0. 1. 0. 0. 0. 0. 1. 1. 0. 1.] 

In [94]: 
# Evaluate an Logistic Regression accuracy using k-fold cross validation 

model = LogisticRegression(random_state=0, max_iter = 1000) 

kfold = KFold(n_splits = 3)  

result = cross_val_score(model, X, Y, cv = kfold, scoring='accuracy') 

In [95]: 
print('Accuracy mean of 3-fold cross validation is ', result.mean()) 

Accuracy mean of 3-fold cross validation is  0.7739837398373983 

In [88]: 
# Scoring features with chi2 

fs_chi2 = SelectKBest(score_func = chi2, k = 3)#selecting 3 best feats 

fs = fs_chi2.fit(X, Y) 

print(fs.scores_) 

[  83.69144803 1147.48911049   12.31847688   45.11572705 2452.73669015 

  124.70004459    5.17928166  124.91281426] 

In [96]: 
# Selecting features with these scores 

feature_selected = fs.transform(X) 

 

# Displaying selected features 

print(feature_selected[0:5,:]) 

[[148.   0.  50.] 

 [ 85.   0.  31.] 

 [183.   0.  32.] 

 [ 89.  94.  21.] 

 [137. 168.  33.]] 

In [90]: 
# Evaluate an Logistic Regression (LR) model with Accuracy on Selected Feature

s 

# using k-fold cross validation 

model = LogisticRegression(random_state=0, max_iter = 1000) 

kfold = KFold(n_splits = 3) # 3-fold cross validation  

fs_result = cross_val_score(model, feature_selected, Y, cv = kfold, scoring='a

ccuracy') 

In [97]: 
print('Accuracy mean of 3-fold cross validation is ', fs_result.mean()) 

Accuracy mean of 3-fold cross validation is  0.7300813008130081 

In [98]: 
# Comparing performance between original data and data processing with feature 

selection 

print('Original Accuracy: ', result.mean()) 

print('VS') 



print('FS Accuracy: ',  fs_result.mean()) 

Original Accuracy:  0.7739837398373983 

VS 

FS Accuracy:  0.7300813008130081 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



 
 
 
 
 
 
 
 
 
 
 
 

BELOW AVERAGE  
 

 
  



Report Grading: 4 points 
Comments: task description is not well-organized. 

 
 
 
 
 
 
 
 



 



 
 



 



 
Coding grading: 0 point 
Comments: Python scripts doesn’t match to the report. 
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FALL 2022 

 
 
 
 

HOMEWORK 2 
 
 

TOPICS COVERED IN HOMEWORK 2 
 

1. K nearest neighbor (KNN) classifier   
2. Weighted KNN                            
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



ST/Machine Learning 
FALL 2022 

 
HOMEWORK #2 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(8 points) 

(2 points) 



ST/Machine Learning 
FALL 2022 

 
HOMEWORK #2 

 
Solution: 
 
Part 1 (8 points) 
d(y, s1)= (1-1)*(1-1)+(1-22)*(1-22)=441 
d(y, s2)= (1-1)*(1-1)+(2-22)*(2-22)=400 
d(y, s3)= (1-1)*(1-1)+(4-22)*(4-22)=324 
d(y, s4)= (2-1)*(2-1)+(3-22)*(3-22)=362 
d(y, s5)= (3-1)*(3-1)+(0-22)*(0-22)=488 
d(y, s6)= (3-1)*(3-1)+(2-22)*(2-22)=404 
d(y, s7)= (3-1)*(3-1)+(5-22)*(5-22)=293 
d(y, s8)= (4-1)*(4-1)+(4-22)*(4-22)=333 
d(y, s9)= (5-1)*(5-1)+(3-22)*(3-22)=377 
 
For 1-NN, the NN will be s7, so the class will be negative. 
For 3-NN, the NN will be s7 (-), s3 (+), and s8 (-). Based on majority rule, the class will be 
negative. 
 
 
Part 2 (2 points) 
Y=(3,3) 
d(y, s1)= (1-3)*(1-3)+(1-3)*(1-3)=8 
d(y, s2)= (1-3)*(1-3)+(2-3)*(2-3)=5 
d(y, s3)= (1-3)*(1-3)+(4-3)*(4-3)=5 
d(y, s4)= (2-3)*(2-3)+(3-3)*(3-3)=1 
d(y, s5)= (3-3)*(3-3)+(0-3)*(0-3)=9 
d(y, s6)= (3-3)*(3-3)+(2-3)*(2-3)=1 
d(y, s7)= (3-3)*(3-3)+(5-3)*(5-3)=4 
d(y, s8)= (4-3)*(4-3)+(4-3)*(4-3)=2 
d(y, s9)= (5-3)*(5-3)+(3-3)*(3-3)=4 
For 5-NN, the NN will be s4 (+), s6 (+), s8 (-), s7 (-), and s9 (-). The class will be negative by 
majority rule. 
For weighted KNN, 
dmin = 1 = d(y, s4) 
dmax = 4 = d(y, s9) 

𝑤𝑤𝑖𝑖 =
𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑑𝑑𝑖𝑖
𝑑𝑑𝑚𝑚𝑎𝑎𝑎𝑎 − 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚

 

𝑤𝑤1 = 4−1
4−1

= 1, for s4 (+) 

𝑤𝑤2 = 4−1
4−1

= 1, for s6 (+) 

𝑤𝑤3 = 4−2
4−1

= 0.5, for s8 (-) 

𝑤𝑤4 = 4−4
4−1

= 0, for s7 (-) 



𝑤𝑤5 = 4−4
4−1

= 0, for s9 (-) 

�
+

= 1 + 1 = 2 > �
−

= 0.5 + 0 + 0 = 0.5 

The class will be positive. 
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Grading:  10 points 
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Grading: 9 points 
Comments: missing results for weighted KNN 
 

 
 
 
 
 



 

 
 
  



 
 
 
 
 
 
 
 
 
 
 
 

BELOW AVERAGE  
 

 
  



Grading: 8 points 
Comments: missing the subtask of weighted KNN 
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PROJECT TITLE: Building a Classifier to Judge Whether Patients Have 
Diabetes 

 
TOPICS COVERED IN PROJRCT 

 
1. Python Programming  

2. Feature Selection and Sampling  

3. Bayesian Classifiers 

4. Nearest-Neighbor Classifiers 

5. Linear and Polynomial Classifiers 

6. Decision Tree 

7. Artificial Neural Networks 

 

 

 

 

 

 

 

 

 

 

 

 

  

 
 
 



ST/MACHINE LEARNING  
SEMESTER PROJECT 

FALL 2022 
 
 
 
PROJECT PROBLEM STATEMENT   
 
Diabetes is a disease that occurs when the blood glucose sugar is quite high. 
 
Detailed steps are below. 

• Download the data (Pima Indians Diabetes) 
(https://gist.github.com/ktisha/c21e73a1bd1700294ef790c56c8aec1f) 
• Splitting the data into training and testing sets with splitting rate 0.8 
• Processing missing value on the training and testing sets to generate the preprocessed 
training set D1 and the preprocessed testing set D2 
• Selecting 5 features on D1 with chi2 to conduct D3  
• Building a classifier on D3 
• Testing the classifier on D2 with the 5 selected features and evaluating the testing results 
with evaluation metrics, namely, precision, recall, and F-score, where the testing means to 
perform prediction on D2  
• Comparing the performance between the model built on the raw data and that built on the 
preprocessed data and providing some reasons to explain the performance differences 

 
REQUIREMENTS 
 

• Submit the source code (jupyter notebook files) and the data you use for the project, where 
the codes have no bugs. 
• Write and submit the project report with the following parts: (25 points) 

o Project description  
o Model description 
o Result analysis 

• Project Presentation (25 points) 
o 10 ~ 15 slides 
o 10 ~ 15 minutes’ presentation for each student  
o Slide Outline 

 Project description 
 Model description 
 Result analysis 
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Report grading: 25 points 
 

 
 
 
 
 



 
 

 
 
 



 
 
 
 



 
 
 
 
 
 



 
 
 
 
 
 
 



 
 
 
 



 
 
 
 
 
 



 

 
 



 
 
 

 
 



 
 
 
 
 
 



 

 
 
 
 
 



 
 
 
 
 



 
 
 
 
 



 



 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Presentation grading: 24 points 
Comment: missing result analysis on precision, recall, and fscore. 
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PROJECT REPORT AND PRESENTATION   



Report grading:18 points 
Comment: missing results on precision, recall, and fscore 

Eldric Bulley 
May 5 ,2022 

ELEG 4 
Professor Dong 

 
“Binary Classifier” 

““Simulating the behavior of 100 billion neurons of human brain is not feasible by classical computer 

but quantum machine learning promises to fulfill that requirement” is a famous quote once said by Amit ray. 

Being able to implement codes is a primary part of building a machine that can do the unimaged. In the 

machine learning class instructed by Professor Dong we as Class had assigned us a project to create a Binary 

classifier and implement the classifier in a python code. As I created the code, I relearned logistic regression 

techniques as well as numerous equation such as precision, recall and f score and at the end of the python 

code we compared the results of the equations from the raw date to the new data. In this Report I will 

demonstrate step by step on how to create this specialized code. 

 

First, I downloaded the information from the website that was provided. I then uploaded 

the website to callabotory. After, printing the data to calaboatory I was then able to start 

processing the data. I want to have 5 features for the data. 

 

Next, I want to rid of the missing values inside the data, so I start by labeling the missing 

values “NaN” and later changing the missing values to the mean value of the data listed. This way 

the data can be more precise. By changing the value to the mean value, I can specify my data to a 

more specific group. 

 

Lastly, after classifying my data and finding the best features I am now able to start adding 

equations to the code. Now I add precision, recall and fscore to the code so I can compare the 

data. 



To conclude this project, the f-score, precision and recall were all processed as 1. The 

original mean for the data is .7885864793678665 and the new mean is. 7827280245829675.I 

conclude that These 2 values are similar. 

 
 
 
 
 
 
 
 
 
 
 

Sources 
 

https://quotefancy.com/quote/2673190/Amit-Ray-Simulating-the-behavior-of-100-billion-
neurons-of-human-brain-is-not-feasible-by 

 
 

https://en.wikipedia.org/wiki/Binary_classification 
 
 

https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indians-diabetes.data.csv 
 

https://en.wikipedia.org/wiki/F-score 
 
 
 
 
 

 
 
 
 
 
 
 
 
Presentation grading: 23 points 
Comment: missing detailed results and analysis on precision, recall, and fscore. 
 

https://quotefancy.com/quote/2673190/Amit-Ray-Simulating-the-behavior-of-100-billion-neurons-of-human-brain-is-not-feasible-by
https://quotefancy.com/quote/2673190/Amit-Ray-Simulating-the-behavior-of-100-billion-neurons-of-human-brain-is-not-feasible-by
https://en.wikipedia.org/wiki/Binary_classification
https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indians-diabetes.data.csv
https://en.wikipedia.org/wiki/F-score
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PROJECT REPORT AND PRESENTATION   



 
Report grading: 0 point 
Comment: no report submitted 
 
Presentation grading: 23 points 
Comment: missing detailed method introduction. 
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	Result Analysis; More knowledge and studying is needed for me to truly understand how to feature select and reduce efficiently in python, other than that the assignment was familiar to my skill set.

