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1. Introduction and Preprocessing

Preprocessing part includes the work using
the provided script called 1.preprocessing.R.
For the Logistic Regression method,
2.logistic_regression.R script is provided.
For the SVM method 3.svm.ipynb is provided.
Comparison is done in the report using the
outcomes from the scripts. In the preprocessing
part, datasets are read and analyses are made.

First Dataset:
AI4I 2020 Predictive Maintenance Data

Set consists of information related to maintenance encountered in industry. The aim is to
predict if there is a machine failure or not. The first 2 columns (UDI and Product.ID) are
unique therefore they are dropped. The last 5 columns are the types of failures, and they are
dropped since if any of them is 1 then the failure will be 1. Type column is nominal and there
are 3 types, therefore one-hot-encoding is used to create 3 columns instead of Type. Then
one column is dropped since it is deterministic by the other 2. For the numerical features,
scaling is done.
So finally 7 features are used to determine the target(Machine.failure) which is transformed
to {-1, 1}. Here -1 indicates no failure and 1 indicates failure. There are 10000 observations.
The dataset is imbalanced since failures do not happen frequently. Using skim function from
skimr library, statistics can be observed and there are no missing values.

https://archive.ics.uci.edu/ml/datasets/AI4I+2020+Predictive+Maintenance+Dataset
https://archive.ics.uci.edu/ml/datasets/AI4I+2020+Predictive+Maintenance+Dataset


Second Dataset:
Bank Marketing Data Set consists of information that reflects direct marketing

campaigns of a bank. The aim is to predict if bank term deposit is subscribed or not.
There are 10 categorical features with various unique values, one-hot-encoding with
dropping one column technique is used for each of them since they are nominal. For the
numerical features, scaling is done.
So finally 53 features are used to determine the target(y) which is transformed to {-1, 1}.
Here -1 indicates no subscription and 1 indicates subscription. There are 41188
observations.
Some categorical features may
consist of correlated values.
They could be grouped in order
to decrease the number of
columns created at
one-hot-encoding processes.
Using skim function from skimr
library, statistics can be
observed and there are no
missing values.

Third Dataset:
HIGGS Data Set consists

of 28 numerical columns, where
the first 21 features are kinematic
properties measured by the
particle detectors in the
accelerator and the last 7 are
derived from them by physicists.
Since all the features are
numerical, scaling is done for all
of them.
So finally 28 features are used to
determine the target(V1) which is
transformed to {-1, 1}. Here -1
indicates background and 1
indicates signal. There are
200000 observations in the data
set file provided. Using skim
function from skimr library,
statistics can be observed and
there are no missing values.

https://archive.ics.uci.edu/ml/datasets/Bank+Marketing
https://archive.ics.uci.edu/ml/datasets/HIGGS


Each dataset is divided into train, validation and test sets. For the train sets 60% of
the observations are used, for the validation sets 20% of the observations are used and for
the test sets 20% of the observations are used.

So finally there are 9 datasets created in this R script and they are exported as .csv
files. Instead of fixing the seed, these files will be read in the scripts of the predictive models
so that all the models take the same train-validation-test observations.

2. Logistic Regression with L2 regularization using stochastic gradient
algorithms

Firstly, logistic regression was used to classify the data points while finding the MLE
of its parameters using the basic stochastic gradient algorithm (SGD). Although SGD
converges in expectation, the duration may last long. The reason is that parameters are
adjusted with the new information from all points one by one, which may in turn give
opposite, irrelevant directions in case of outliers or due to pure randomness of the data. After
decreasing loss below a level, SGD can continue its adjustments to reflect all data points.

For the mentioned reasons, the momentum and averaging variants of SGD were also
considered. Momentum variant aims to reflect a certain percentage of previous update also
in the current update.[1,2] By this way, zig zag behaviour until convergence is reduced. The
eta is an additional parameter and referred to as momentum or momentum coefficient in the
code and the report.

The averaging variant SAG keeps a record of gradients evaluated at all points. Then
updates the gradient of the considered point by the current information and uses the average
of all gradients to compute new parameter estimation. [3]

The main part of the SGD is the same in the basic one and in the variants. The
max.iter parameter is used to control the number of epochs. Tolerance gap is also
implemented for parameter tuning versions to check for convergence. Then, in each epoch,
the index set is randomly permuted and a shuffled.order array is created. At each iteration,
gradient is evaluated at a point and model parameters adjusted accordingly. A constant step
size is used for all variants. For the averaging variant, the average is calculated as in the
second part of the below formula to reduce calculations.



a. Coding Process and Parameter Tuning
For logistic regression, there are 3 parameters: ridge coefficient, step size and

momentum coefficient. As a stopping criteria for parameter tuning, average loss over epochs
is used and if average has not improved with a percentage equal to the tolerance, the
algorithm stops.

The first two are required for all SGD variants and tuned on the basic SGD. The
small step size requires more iterations until convergence. The higher ones reduce loss
quickly but may not converge in certain cases, may miss the local optima, may result in zig
zag behaviour and therefore can cause large variance. Also, as step size increased, more
epochs needed for convergence as seen in the graph below. As a result, the step size is
selected as 0.01.

When training the basic SGD model with
ridge penalty term on the loss function,
increased penalty terms lead to reduced
values of w towards 0 as expected. All ridge
penalty values lead to convergence but high
values of it resulted in higher variance.
Ridge coefficient is set to 5 after inspecting
graphs.



Lastly for the momentum coefficient, 9 different values are examined. Momentum
coefficient determines the effect of previous gradient on the current gradient. So, as it gets
higher, the current update heavily depends on the past information which in turn may result
in missing local optima and zigzag behaviour. This behaviour can be seen in the graph
below. After inspecting the graph, the 0.1-0.3 range seemed reasonable and the momentum
coefficient was selected as 0.2.



b. Results for Data Set 1

The first data set classes are imbalanced. As this imbalance was not addressed in
the data preprocessing or in the modelling stages, the results were as expected. The SGD
and SGDM models quickly converged without considering the minority class and predicted
all labels as the “-1” class.

SGD -1 1 SGDM -1 1

-1 1937 0 -1 1937 0

1 63 0 1 63 0

SAG model behaved differently as it did not predict all from the majority class.
However, it did not converge probably due to parameter tuning and kept oscillating in all
epochs. The confusion table for the SAG model is given below. Despite being worse in
predicting the majority class, it was able to identify some minority class labels correctly. A
good way can be predicting classes with both logistic regression with SGD/SGDM and SAG,
and then comparing paired results.

SAG -1 1

-1 971 46

1 966 17

The SAG model is excluded from algorithm comparison as it oscillates near a
different level and complicates the graph. When SGD and SGDM are compared for the first
1000 data points, SGDM can be seen while converging quicker.



After convergence, the both algorithms keep oscillating around the same line as can
be seen in the graph below. The graph shows the last 5000 iterations of the first epoch.

c. Results for Data Set 2

For the dataset 2, SGDM predicted all data points as class “-1” as in the first dataset.
SGD predicted only 9 data points as class 1 and identified 6 of them correctly. Since SGD
and SGDM converged quickly, even with more iterations they seem to perform more or less
the same. The loss function of SAG continued to oscillate. Its results are worse than the first
data set as it assumes two thirds of data belonging to the 11% minority class. This is a
consequence of both oscillating and stopping criteria evaluation at the end of epochs. If
stopping criteria is updated to check loss function value and oscillation behaviour at every
iteration and if the algorithm stops at one of the minimum points of loss function, the results
would get better.

SGD -1 1 SGDM -1 1 SAG -1 1

-1 7342 3 -1 7345 0 -1 2171 5174

1 887 6 1 893 0 1 396 497

As both SGD and SGDM converged quickly, the plot shows only the first 200
iterations of both algorithms. Note that, since SAG oscillates around a different level, it is
omitted again. In the graph below, SGDM can be seen as the winner again for convergence,



d. Results for Data Set 3

The basic version and variants of SGD performed closely on the third dataset. Data
was balanced yet all algorithms lead logistic regression to favour the first class. SAG loss
function continued to oscillate around another level again. However, w values with SAG
provides the most true positive and true negative numbers, so the highest accuracy.

SGD -1 1 SGDM -1 1 SAG -1 1

-1 18739 14 -1 18617 136 -1 18451 305

1 21215 32 1 21149 98 1 20805 442

When we compare the SGD and SGDM, we can see that SGDM still converges the
fastest as in the first two dataset.



3. Support Vector Machine (SVM) with hinge loss and L2 regularization using
stochastic subgradient algorithm

a. Coding Process and Parameter Tuning
In this part SVM approach is conducted using Jupyter Notebook. Html and .ipynb

files are provided. Several functions are created to be used for all data sets. The following
equation is used as the loss function, the aim is to decrease loss.

where𝐿𝑂𝑆𝑆 = 1
2 | 𝑤| ||

2
 +  𝐶

(𝑥,𝑦)∈𝑆
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For the training part 2 functions are written, namely find_subgradients and
stochastic_subgradient_descent. The second one calls the first in the body.

Find_subgradients function takes a feature dataframe, a target dataframe, a vector,𝑤

a value and C parameter as inputs. is the bias term in ,if then the𝑤
0

𝑤
0

(𝑤𝑇𝑥 + 𝑤
0
) 𝑤

0
= 0

line passes from origin. This function returns the subgradients with respect to and .𝑤 𝑤
0

Parameter C will be tuned on the validation set.
Stochastic_subgradient_descent function takes a feature dataframe, a target

dataframe, a C parameter, a subset proportion and the number of iterations as inputs. Here
subset proportion is needed because at each iteration a different subset of data will be used
to compute subgradients. Computing subgradients using the entire train data at each
iteration takes a very long time. If this proportion is 1 then the entire data is used, if it is 0.2
then at each iteration 20% of data is selected again and subgradients are computed
according to them. This function returns the optimal , and loss array. Loss array𝑤 𝑤

0

includes all the losses at each iteration and it will be used to plot the improvement in loss. In
the body of this function, some initial weights( ) and an initial bias ( ) is selected. At each𝑤 𝑤

0

iteration a random subset of data is taken and subgradients are calculated using the
find_subgradients function which was mentioned in the previous paragraph. Then weights( )𝑤
and bias( ) terms are updated according to the subgradients and step size. Step size is the𝑤

0

reciprocal of the iteration number. This means the first step is 1, the second is ½, the third is

⅓, and so on. At each iteration predictions are calculated by the formula and(𝑤𝑇𝑥 + 𝑤
0
)

loss is calculated using the hinge loss function. This function is applied on the train set with a
fixed C parameter.

For the validation part C_with_min_validation_loss and
stochastic_subgradient_descent_with_best functions are written. The first one is for tuning
the C parameter. Values used for tuning are {0.05, 0.1, 0.3, 0.5, 0.7}. This function is applied
on the validation set with and found in the training part and the result is the optimal C𝑤 𝑤

0

parameter. The second function is a version of Stochastic_subgradient_descent which does
not keep the loss values at each iteration. This function is written in order to decrease the
computational effort. Using train set and best C parameter, this function returns optimal ,𝑤

.𝑤
0

For the test part, testing function is written. This function takes features, actual
targets and optimal , values. It computes the predicted classes and returns a confusion𝑤 𝑤

0



matrix and the accuracy value. This part is applied on train, validation and test sets in order
to observe overfitting.

For the second SVM approach quadratic kernel can be used. This corresponds to
feature transformation. This transformation is done by PolynomialFeatures function from
sklearn.preprocessing library. Then the actual features with no degree and interaction are
dropped, and the models are tried on the transformed train validation test sets.

b. Results for Data Set 1:

Using the subset proportion as 1 to
compute subgradients with a fixed C parameter
½ , 100 iterations resulted in the loss function
improvement which is on the right.

Tuning the parameter C on the
validation set gave the best C parameter as
0.05. Then using it on the train set, optimal ,𝑤

values are obtained and used on the test𝑤
0

set. Accuracy values for the test-validation-train
sets are 0.9665, 0.9656, 0.9670. They may seem nice but since the data is imbalanced,
confusion matrices need to be checked. All the predictions are made as -1 which means no
failure. So the model is not good at detecting the failures. There may be underfitting because
train failures are also not detected so memorization did not happen, and the model did not
learn.

For the second approach, after
transforming the data sets, the same flow is
conducted. This resulted in the training loss plot
shown on the right side. It can be interpreted that
the first data set is not suitable for kernel
approach. So no validation and testing made
here.



c. Results for Data Set 2:

Using the subset proportion as 0.5 to
compute subgradients with a fixed C parameter
½ , 100 iterations resulted in the loss function
improvement which is on the right.

Tuning the parameter C on the
validation set gave the best C parameter as
0.05. Then using it on the train set, optimal ,𝑤

values are obtained and used on the test𝑤
0

set. Accuracy values for the test-validation-train
sets are 0.9065, 0.9015, 0.8999. Confusion
matrices are also fine and test accuracy is higher than train accuracy, this indicates no
overfitting.

For the second approach, after
transforming the data sets, the same flow is
conducted. This resulted in the training loss plot
shown on the right side. This plot is strange since
the loss is not decreasing but still it's converging.
After the validation step and finding the best
parameters, accuracy values for the
test-validation-train sets are found as 0.8998,
0.9018, 0.8935. They are very similar to the non
kernel approach.



d. Results for Data Set 3:

Using the subset proportion as 0.2 to
compute subgradients with a fixed C
parameter ½ , 25 iterations resulted in the loss
function improvement which is on the right.

Tuning the parameter C on the
validation set gave the best C parameter as
0.05. Then using it on the train set, optimal ,𝑤

values are obtained and used on the test𝑤
0

set. Accuracy values for the
test-validation-train sets are 0.5784, 0.5769,
0.5774. The model learning is not good. So the linear SVM approach may not be suitable for
this data set.

For the second approach, after transforming the
data sets, the same flow is conducted. This resulted in
the training loss plot shown on the right side. This plot
is strange and very bad since the loss is not
decreasing and also not converging. After the
validation step and finding the best parameters,
accuracy values for the test-validation-train sets are
found as 0.8998, 0.9018, 0.8935. They are very similar
to the non kernel approach.



4. Comparison of the Models
For the first data set, logistic regression trained with SGD and SGDM, predicted all

classes as -1 for the test set. SAG performed worse in terms of accuracy but predicted a
small amount of class 1 correctly. SVM with non kernel and kernel approaches did not give
good results. Since all the predictions are -1 for train, validation and test sets. This indicates
underfitting since learning is not enough. In conclusion, the relationship between the features
and the target may not be linear.

For the second data set, SGD and SGDM predicted all labels as -1. SAG performed
very poorly as it incorrectly predicted most of the data coming from the minority class. SVM
with non kernel and kernel approaches gave good results. Train, validation and test
accuracies are near 90% and the percentage based confusion matrices are very similar for
both models. This indicates no overfitting so both of the SVM approaches are suitable for
this data set.

For the third data set, all logistic regression approaches provide similar results.
Contrary to the previous case, SAG achieved the most accuracy rate in this dataset. SVM
with non kernel and kernel approaches did not give good results, all the accuracy metrics for
train, validation and test sets are near 57% for both models. So SVM approaches may not
be a good fit to this data set.
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