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Configuration Manual

Oluwaseun Ayokunbi Ogunbowale
X21193355

1 Introduction

This is the configuration manual that serves as a directive required to reproduce the research
project with step-by-step guidelines of code implementation spanning from Hardware and
software requirements, data selection to execution of the project. (with complete
implementation procedure clearly stated)

2  System Requirement

The table below contains the hardware requirements for the research.
Table 1: Hardware requirements

SINO

1 Device name | LAPTOP-Q52S7GLR

2 Processor 11th Gen Intel(R) Core (TM) i5-1135G7 @ 2.40GHz 2.42 GHz
3 RAM 16.0 GB (15.8 GB usable)

4 Type 64-bit operating system, x64-based processor

Table 1.

Software Requirements.

The software specifications are listed below.
e Anaconda Navigator 3 for Windows
e Jupyter Notebook (Version 6.4.12)
e Python (Version 3.9)

3.0 Data selection.

The datasets used were obtained from Kaggle’s repository and two different datasets were
considered for the research work with the link listed below.

. https://www.kaggle.com/datasets/giripujar/hr-analytics

I1. https://www.kaggle.com/datasets/jpmiller/employee-attrition-for-healthcare

Click on the links above to download the datasets and stored it as CSV file on your system.
3.1 Importing of libraries and loading of Dataset on Jupyter Notebook.

Open Jupyter Notebook to select a new Python file, import and install all the necessary

libraries that are needed by this research using pip install (‘Packages name’) to install the
required libraries, and continue with the installation as the need arises.



http://www.ncirl.ie/
http://www.ncirl.ie/

[1]:  dimport numpy as np

from sklearn.preprocessing import LabelEncoder

import pandas as pd

import itertools

import random

import matplotlib

import matplotlib.pyplot as plt
import seaborn as sns

from
from
from
fFrom
from
from
from
from
from
fFrom

lime import lime_tabular

sklearn.metrics import classification_report

sklearn.utils import resample

sklearn.preprocessing import MaxAbsScaler

sklearn.model_selection import train_test_split
sklearn.ensemble import RandomForestClassifier
sklearn.neural_network import MLPClassifier

sklearn.metrics import accuracy_score
sklearn.metrics import confusion_matrix

sklearn import metrics

import lime
import shap

Figure 2: Libraries installation.

#Import the dataset.

hremployee = pd.read csv("C:\\Users\\oluwa\\Desktop\\HR comma sep.csv")

hremployee.head(5)#viewing the five rows in the dataset

satisfaction_level last_evaluation number_project average_montly_hours time_spend_company Work_accident

left promotion_last_Syears Department salary

0.38
0.80
0.1
072
037

hratrition = pd.read _csv("C:\\Users\\oluwa\\desktop\\watson healthcare modified.csv")

0.53 2 157
0.86 5 262
0.88 T 272
0.87 5 223
0.52 2 159

hratrition.head(5)

EmployeelD Age Attrition

0 1
0 1
0 1
0 1
0 1

0
0
0

BusinessTravel DailyRate Department DistanceFromHome Education EducationField EmployeeCount ..

sales low
sales medium
sales medium
sales low

sales low

RelationshipSatisfact

0 1313919
1 1200302
2 1060315
3 1272912
4 1414939

41 No Travel_Rarely 1102 Cardiology
49 No Travel_Frequently 279 Maternity
37 Yes Travel_Rarely 1373 Maternity
33 No Travel_Frequently 1392 Maternity
27 No Travel_Rarely 591 Maternity

5 rows x 35 columns

Figure 3: Dataset and attributes checked.

1
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1
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4
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Import the dataset that is already saved CSV file into the Python environment on the jupyter
notebook with the pandas library and view the first five rows in the dataset as shown in
Figure 3 to see the labeling and naming of the attributes in the columns on the data frame and
the attributes of the dataset as the first dataset Hr analytic dataset consists of 14999 rows with
10 columns and the second dataset employee attrition for healthcare dataset consist of 1676 rows
with 35 columns.



hremployee.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 14999 entries, @ to 14998
Data columns (total 18 columns):

# Column Non-Null Count Dtype
o] satisfaction_level 14999 non-null float64
1 last_evaluation 14999 non-null floate4
2 number_ project 14999 non-null inte4
3 average montly hours 14999 non-null inte4
4 time_spend_company 14999 non-null int64
5 work_accident 14999 non-null inte4
6 left 14999 non-null inte4
7 promotion_last_5years 14999 non-null int64
8 department 14999 non-null object
9 salary 14999 non-null object

dtypes: floate4(2), inte4(e), object(2)
memory usage: 1.1+ MB

Figure 4a. Hr analytic dataset attributes.

<class "pandas.core.frame.Dataframe’ >
RangeIndex: 1676 entries, 8 to 16875

Data columns (total 35 columns):

#  Column Non-Null Count Diype
8  EmployeeID 1676 mon-null intes
1 Age 1676 non-mul)l intes
2 attrition 1676 non-n abject
3 BusinessTravel 1676 non-n abject
4  Dpailyrate 1676 non-n imtes
S Department 1676 non-null  object
& DistancefromHome 1676 non-null imtes
7  Education imtes
& EducationField abject
%  EmployeeCount imtes
12 EnvironmentSatisfaction 1676 non-n intes
11 Gender 1676 non-m object
2 HourlyRate 1676 non-m intes
12 JobIm vement 1676 non-n imtes
4  JobLevel 1676 non-null  intes
15 Jcbrole 1676 non-null  object
16 Jcbsatisfaction 1676 non-null intes
17 Maritalstatus 1676 mon-null  object
18  MonthlyIncoms 1 imtes
19 mMonthlyRrate 1675 non-null imtes
22  NumCompanieskorked 1676 non-null imtest
21 verls 1676 non-null abject
2  OverTime 1676 mon-null  object
23 PercemtSalaryHike 1676 non-mull intes
24  PerformanceRating 1676 non-nul inted
25 Relationshipsatisfaction intes [ ]
26 StandardHours & non-n intes
27 shift 1676 non-null intes
28 TotaluWerkingyears 1676 mon-null intes
29 TrainingTimeslLastyear 1 intes
28 workLifegalance intes
21 YearsatCompany imtes
32 ¥YearsInCurremtRole intes
23 ¥YearsSinceLastPromotion intes
34 YearsWithCurrManager inted

dtypes: inte4(28), object{s)
MEMOryY USage: 458.4+ KE

Figure 4b. Employee attrition for healthcare attributes.

4. Dataset Exploration.

The attributes name on the columns consists of both lower case and upper case, it is better to
stick to one case out of the two cases used for easy reading of the dataset and for easy reading
and computation on the Python platform. The uppercase attributes in the dataset were
changed to lowercase.
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hremployee=hremployee.rename(columns=lambda x: x.lower())#change capital Lletter of department and work accident to small Letter

-

hratrition=hratrition.rename(columns=lambda x: x.lower())

hratrition.columns

Index([ "employeeid”, "age’, "attrition’, "businesstravel’, ‘'dailyrate’,
"department’, ‘distancefromhome’, 'education’', 'educationfield’,
"employeecount’, ‘enwvironmmentsatisfaction®, 'gender', '"hourlyrate’,
"jobinvolvement', "joblewel', 'jobrole®', "jobsatisfaction’,
"maritalstatus’, "'monthlyincome®, "monthlyrate®, "numcompaniesworked’,
"overl8', 'owertime', 'percentsalaryhike®', 'performancerating’,
"relationshipsatisfaction’, "standardhours’', 'shift",
"totalworkingyears', 'trainingtimeslastyear’, "worklifebalance’,
"yvearsatcompany ', "yearsincurrentrole’, 'yearssincelastpromotion’,
"yvearswithcurrmanager'],

dtype="object’)

Figure 4: Renaming the column’s name.

The statistical value of the dataset is displayed below with mean, standard deviation,
minimum, maximum and quantile.

hremployee.describe()# statistical description of the dataset

tisfaction_level last_evaluation number_project average_montly_hours time_spend_company Work_accident left promotion_last_Syears

count 14999.000000 14999.000000 14999.000000 14999.000000 14999.000000 14999.000000 14999.000000 14999.000000
mean 0.612834 0.716102 3.803054 201.050337 3.498233 0.144810 0.238083 0.021268
std 0.248631 0.171169 1.232592 49.943099 1.4601386 0.351719 0.425924 0.144281
min 0.090000 0.360000 2.000000 96.000000 2.000000 0.000000 0.000000 0.000000
25% 0.440000 0.560000 3.000000 156.000000 3.000000 0.000000 0.000000 0.000000
50% 0.640000 0.720000 4.000000 200.000000 3.000000 0.000000 0.000000 0.000000
75% 0.820000 0.870000 5.000000 245.000000 4.000000 0.000000 0.000000 0.000000
max 1.000000 1.000000 7.000000 310.000000 10.000000 1.000000 1.000000 1.000000

Figure 5: Statistical description and values of the dataset.

2. The two dataset was checked for null values and duplicated values. There was no missing
value in the datasets and no duplicate in the second dataset, but the first dataset contains 3008
duplicated values.

The dataset was visualized with a boxplot to check if there are outliers in the dataset, utilizing
the seaborn library, boxplots are used for outlier analysis and there are several outliers that
need to be dealt with as shown below.
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Figure 6: Box plots for the variables

5 Data visualization.

Visualization was done on the dataset with a histogram and pie chart to check the interaction

of the target variable with other variables to observe the trend and pattern in the dataset that
are not visible to the eyes.
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0 ¥ b . o | I A HHHHT H
0.2 0.4 0.6 0.8 10 100 150 200 250 300
satisfaction_level average_montly_hours
7a. Histogram of satisfaction level vs left 7b. Histogram of average_montly vs left
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7c. Histogram of age vs left 7d. Target Variable
Figure7: Attrition rate visualizations with histogram and pie chart.
From Figure 7, the relationship between the target variable and the independent variable is

visible and the pie chart shows that the class in the target variable is imbalanced because the
class is not represented.



6. Correlation of numerical variables

numeric_columns = hremployee.select_dtypes(includez["int64", "float64"])
corr_matrix = numeric_columns.corr()

#correlation plot

import matplotlib.pyplot as plt
import seaborn as sns

fig = plt.figure(figsize=(8,7))
sns.heatmap(corr_matrix, annot=True)
plt.show()

-10

satisfaction_level - -0.14 -0.02 -0.1 0.059

last_evaluation 0.35 0.34 0.13 -0.0071 0.0066 -0.0087 [ °°
number_project -JEEEE 0.35 0.42 0.2 -0.0047 0.024 -0.0061 )
average_montly_hours 0.34 0.42 0.13 -0.01  0.071 -0.0035
time_spend_company 0. 013 0.2 0.13 0.0021 0.14 0.067
LTS EOI® 0.059 -0.0071 -0.0047 -0.01 0.0021 -0.15 =

[Si® -0.39 0.0066 0024 0071 0.14 -0.15

promotion_last_Syears -0.0087 -0.0061 -0.0035 0.067 0.039 -0.062

"

left

work_accident

satisfaction_level
last_evaluation
number_project
average_montly_hours
time_spend_company
promotion |ast_Syears -

Figure 8: Heap map for correlation of variables

7. Label encoding.

import numpy as np
from sklearn.preprocessing import LabelEncoder

labelencoder = LabelEncoder()

hratrition[ 'businesstravel’] = labelencoder.fit transform(hratrition[’ 'businesstravel’])
hratrition[ 'department’'] = labelencoder.fit_transform(hratrition[ "department’])
hratrition['educationfield’] = labelencoder.fit transform(hratrition['educationfield’])
hratrition['gender®] = labelencoder.fit_transform(hratrition[ 'gender'])

hratrition['jobrole’] = labelencoder.fit transform(hratrition[ " jobrole’])

hratrition[ 'maritalstatus'] = labelencoder.fit_transform(hratrition[ 'maritalstatus’])
#hratrition[ ‘overl8'] = Labelencoder.fit transform(hratritionf 'overl8’])
hratrition['overtime®'] = labelencoder.fit_transform(hratrition[ overtime’])
hratrition['attrition®] = labelencoder.fit transform(hratrition['attrition’])

Figure 9: Label encoding of some attributes.

The proportion of the target variable is imbalance as shown in the pie chart above so the
target variable was upsampled in figure 10 below to remove bias in the class and improve the
performance of the model and scaling was done to normalize all the variables as differences
in feature scale can affect the result of the model present as shown in the figure below.



hremployee[ *left'].value_counts()

@ 7566
1 1775
Name: left, dtype: int64

hremployee_majority=hremployee[hremployee['left']
hremployee_minority=hremployee[hremployee[ ' left']

==0]
==1]

print(“"Majority class {}".format(hremployee majority.shape))
print("Minority class {}".format(hremployee minority.shape))

Majority class (7566, 1@)
Minority class (1775, 1@)

#Upsampling is done to equalize the class or balance the imbalance class

from sklearn.utils import resample

#Upsample the minority class

hremployee_minority_upsampled = resample(hremployee_minority, replace=True, n_samples=len(hremployee _majority), random_state=42)
from sklearn.utils import resample

# Concatenate the upsampled minority class with the majority class
hremployee = pd.concat([hremployee_majority,hremployee_minority_upsampled])

# Concatenate the upsampled minority class with the majority class
hremployee = pd.concat([hremployee_majority,hremployee_minority_upsampled])

hremployee[ "left'].wvalue_ counts()

(5] 7566
1 7566
Name: left, dtype: inté4

#application of scaling of dataset
from sklearn.preprocessing import MaxAbsScaler
import pandas as pd

scaler = MaxAbsScaler() #to standardize the figures jfor each column before modelling
scaler.fit(hremployee)

scaled = scaler.transform(hremployee)

scaled_data = pd.DataFrame(scaled, columns=hremployee.columns)

hremployee=scaled_data

Figure 10: upsampling and scaling of the variables

left
7000 4 o

6000

5000 -

4000 -

count

3000

2000 1

1000

left

Balanced class for the target variable.

8. Training and splitting of the dataset

The dataset was splited into test and train sets using the train _test _split function from the
scikit-learn library in Python this is mostly used to split the dataset into subsets purposely
done to check the performance of the model as training set is used to train and the testing test
is used to evaluate or validate the performance of the model. The dataset is partitioned into
ratios of 80% and 20% respectively as the test part is 20 % as shown in the figure below.

from sklearn.model selection import train_test split

>
1

= hremployee.drop('left’, axis=1)
y = hremployee['left']

# Split the data into training and test sets
X_train, X _test, y train, y test = train_test split(X, y, test size=0.2, random_state=42)
Figure 11: Dataset splitting in Ration 80% AND 20%

7



Models Application

Random Forest.
Two models were applied to the dataset, these are Random forests and Neural network model
classification was done and the result evaluated.

emp.fit(X_train, y_train)

RandomForestClassifier(n estimators=18, random state=42)

y predict = emp.predict(X test)
threshold = 0.5
y predict binary = np.where(y predict »= threshold, 1, 0)

from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score
print("Train Accuracy = ", emp.score(X train, y train))

print("Test Accuracy = ", emp.score(X test, y test))

Train Accuracy = 0.996191282268303
Test Accuracy = ©.9864636209813875

import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.metrics import confusion matrix

# Create the confusion matrix
cm = confusion_matrix(y_test, y predict_binary)
cm

Sl [ eoni_mar = pu.veLer omSiuere = Lm, Soiummis = | rr SULLLEu MOL LSt T Suseemu Lo
sns.heatmap(conf_mat, annot - True, fmt-'d’, cmap-"v1GnBu"}
plt.show( )

- 1400
&=
i
]
= 1200
=
E
o 1000
=
800
- 600
=
5
= - 400
2
]
200
Predicrted Mot Left Predicted Left
78]: from sklearn.metrics import classification_report
print{ "Classifi ion Report: ', classification_report(y_test, y_predict_binary))}
Classification Report: precision recall fi-score  support
a.8 a.a9 1.88 @.59 1512
1.8 1.e@ @9 @59 15@s
accuracy @.99 2827
macro avg a.a9 EREE] @.99 2827
weighted avg a.99 EREE] @.99 2827

_score(y_test, y_predict_binary)
the Auc score

int(auc)s

©.9843753528326299

Figure 12: Random Forests Model.
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Figure 13: Features importance in the HR analytics and employee attrition healthcare dataset

fpr, tpr, _ = metrics.roc_curve(y test, y predict_binary)# creating the curve
plt.plot(fpr,tpr)

plt.ylabel('True Positive Rate')

plt.xlabel('False Positive Rate')

plt.show()
10 10
0.8 08
200 2ae
5 $
£ £
£ £
02 0.2
00 0.0
00 02 04 06 (1] 1.0 00 02 04 06 08 10
False Positive Rate False Positive Rate

Roc Curve in Random Forest and Neural Network.

Neural Network.

i | # scaling the data before being use for modelling. 1400
from sklezrn.preprocessing import MinMaxScaler
scaler = minMaxscaler()
¥_train = scaler.fit_transform(X_train) E 1200
X_test = scaler.fit_transform(X_test) <
= 1000
1| # building the model
from sklesrn.neural_network import MLPClassifier 800 .
Nmodel = MLPClassifier(hidden_layer sizes=(64, 32, X.shape[1]), max_iter=56@, random_state=105)
600
1| Nmodel.fit(X_train, y_train)
y_pred = Nmodel.predict(x_test) =
5 400
: | #from sklearn.ensemble import RondomForestClassifier
from sklearn.metrics 1maurt accuracy_score -200

» Wmodel.scere(X_train, y_train))
print("Test Accu ", Nmodel.score(X_test, y_test))
#sane as the accuracy Pred Mot Left Pred Left
accuracy = accuracy_score(y_test, y_pred)

print("accuracy:", accuracy)

print("Train Accura
2

from sklearn.metrics import classification_report

Train Accuracy = 8.3783428335358535 print(classification_report(y_test,Mmodel.predict (x_test)))
Test Accuracy = @.5593857886223984
ACCUraCy: @.9593657886223984 precision reczll fl-score  support
2.0 .97 8.95 8.96 1518
¢ e = confusion matrix(y_test, y_pred) 1.8 2.95 .97 8.96 1509
print("confusion Matrix:"
print(cm) accuracy 8.95 3827
. 8 ¢ macro avg 2.9 2.%6 2.96 2827
Confusion Matrix: weighted avg 2.9 8.%6 8.96 2827
[[1236  &2]
[ 41 1468]]

Figure 14: Neural Network Model



Explainable Al Implementation
Experiment 1.

Lime in Random Forest in Hr analytic data

The lime model was applied Random forest model to give interpretations to the output of the
result in other to explain factors that contributed to employee retention in a company by
giving a local interpretation to the instances of the variable being explained.

import lime
import lime
from lime import lime tabular

feature_names = ["satisfaction level”,"last _evaluation”,"number_project”,

4 »

age_montly_hours®,"time_spend_company”,"work_acc

¥_train df = pd.DataFrame(x_train, columns=X.columns)
explainer = lime.lime tabular.LimeTabularExplainer(x_train_df.values, feature names=x.columns.values.tolist(),
class_names=['No’, ‘Yes'], verbose-True, mode-'classification”)

¥_test.columns = X_train.columns
# Make predi using the RandomForestClossifier for the correct predictions
predict_fn - lambda x: employeeRdf.predict_proba(x)

i = 5 #numbel
num_features
#predict_fn - lambda x: predi
exp = explainer.explain_insta

ions
e(x_test.values[i], predict_fn, num_festures=num_features)

Intercept @.87598713527526532
prediction_local [@.28272154]
Right: 1.8

C:\Users\oluwatanaconda3\lib\site-packages\sklearn\base.py:458: Userwarning: X does not have valid feature names, but RandomFor
estClassifier was fitted with feature names
warnings.warn{

exp. show_in_notebook(show_table=True)

# O REPRE. NOT LEFT AMD 1 REPRESENT LEFT.
Prediction probabilities No Yes R
mumber_project > 0.71
ro o5
ves (I .00 averaze_montly_hours
satis Saction_leval ==
salary <= 0.50
department ==0.44) -

Figure 15a: Lime interpretation of Random Forest Model

from sklearn.nmeural_network import MLPClassifier
import lime

from lime import lime_tabular

import pandas as pd

feature_names = [“"satisfaction_lewel”,"last_evaluation®,"number_project”, "awerage_montly_hours"”,"time_spend_company ™, "work_asccis

4 »

explainer = lime.lime_tabular.LimeTabularexplainer{X_train_df.values, feature_names=X.columns.values.tolist(},
class_names=["Mo', 'Yes'], verbose=True, mode='classification")

#x_test.columns = X_troin. columns
predict_ft = lambda Nmodel.predict_probaix}
#predict_fn = Lambda x: predictions

k = 1 # Index of the instance you want to exploin

num_features = 5

instance_to_explain = X_test[k]

exp = explainer.explain_instance(instance_to_explain,predict_ft,num_features=num_features)
Intercept @.19921152807606928

Prediction_local [@.27942134]
Right: e.9999464235435662

exp.show_in_notebook({show_table=True)

Prediction probabilities No Yes -
time_spend company
No
vee [ 100 satisfaction_level > 0.76]
0,40 < momber_project
* |tast_svaluation = 0.51
o
-

department = (3%

imnort <han

Figure 15b:Lime in Neural network Model
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Shap was also applied to the same model to interpret the global impact of the factors on the model
prediction as shown in figure 16.

The summary plot shows the significant impact of the features on employee attrition in order of their
impact and effect as the feature with high shap values has a significant effect on model prediction.

import shap

#X_test. columns = X_train. columns

¥_test_df - pd.DataFrame{X_test, columns=X.columns}
#_train_df = pd.DataFrame(X_train, columns=X.columns)
explainer = shap. Treeexplainer(employeerdf)

# calculate shap values. This is what we will plot.
shap_values = explainer.shap_values(X_test)

shap.summary_plot(shap_values[1], X_test)
High
satisfaction_level
number_project
time_spend_company
last_evaluation
average_montly_hours

department

-
Feature value

salary
promotion_last_Syears

work_accident

T T T Low
-0.4 -0.2 0.0 0.2 0.4

SHAP value (impact on model output)

Summary plot of Random Forest

! | shap_values.feature_names = feature_names
class_index = 1 #summary plot for closs 1.
shap.summary_plot(shap values[:, :, class_index], X test)

High
satisfaction_level
number_project
time_spend_company

average montly hours ¢
[ast_evaluation

salary

Feature value

department
promotion_last Syears

work_accident

T T T T T Low
-04 -0.2 0.0 0.2 04

SHAP value (impact on model output)

Summary plot of Neural Network models

Figure 16: Summary plot of Random Forest and Neural Network models
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j=1 # use & or 1 for class b
rv_index = 5 # A
max_display = 9 #

ing explained
lesired instance index
number of features to display

#visualize the woterfoll plot for the expected class

shap_values_classl = shap.Explanation(values=shap values[j], base_values=a, data=X_test)
shap.plots.waterfall(shap_values_class1[rw_index], max_display-max_display, show=False)
plt.show()

fix)

time_spend_company

0.111 = department —(J.ch‘

salary ' +0

last_evaluation ' +
) = average_montly_hours =0 |

= work_accident ‘ +0

promotion_last_Syears ‘ +0
=01 0.0 0.1 0.2 03 0.4 0.5

E[AX)]

Waterfall plot in Random forest

shap_values, feature_names = feature_names
class_index = 1 # Replace with the desired output index (¢
row_index = 5 # Repls ¢ desired instance inge
mnax_display = 5 # Define the m nunber of features to display
shap.plots.waterfall{shap_values[row_index,:, class_index], max_display=-nax_display)
plt. show()

fix) = 0.9

number project
satisfaction_level
time_spend_company l +0.05
0.719 = last_evaluation  -0.05 .

5 other features ’ +0.01

05 06 07 08 09 10
FIAN) - 0.5

Waterfall plot in Neural network
Model Figure 17 : Waterfall plot in Random forest and Neural network Model

The waterfall plot in figure 16 shows the contribution of each of the factors on the model prediction
and interactions that occur within the factors to arrive at the final output given by the mode

Figure 18 Force plot of Random Forests Model.

The forceplot in figure 17 above shows the effect of factors on the model output this works just like in
waterfall plots which shows the impact f each of the factors on the model output.
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Experiment 2: Lime on Random Forest for employee attrition for
healthcare

: | import lime
import lime.lime_tabular

class_names=[ 'No', 'Yes"]

vironmentsati]

/rate’, "department’, "distancefromhome”, 'education’, "educationfield’, "e

feature_names= ['age’, 'businesstravel’,'dai

4 »

¥_train_df = pd.DataFrame{X_train, cclumns=X.columns)
explainer = lime.lime_tabular.limeTabularExplainer(¥_train_df.walues, feature names=X.columns.values.tolist(),
class_names=["nNo", 'Yes'], verbose=True, mode='classification®)

¥_test.columns = X_train.columns

g

ions using the RondomForestClassifier

# Make pre: E
lambda x: emp.predict_proba(x)

predict_fn =
kK = 2 # number of rows 283

num_features = 9# number of feotures

#predict_fn Lambda x: predictions

exp = explainer.explain_instance(X_test.values[k], predict_fn, num_features=num_features)

Intercept @.4828591454318457
Prediction_local [-e.24228488]
Right: 2.1

X does not have valid feature names, but RandomForestClassifier was fitted with feature names

exp.show_in_notebook(show_table=True) #showing Lime result

No
overtime <= 000,

Prediction probabilities

ro I .20 s
Yes 0.20 = joblevel == 040
&

Feature Value =

0.50 = jobinvchament
.04

0.20 = yearssteompan.
0.75 = jobastisfaction

75 = emvh

Figure 19: Lime on Random Forest for employee attrition dataset

SHAP

import shap #import the shap Library

X_test_df = pd.DataFrame(X_test, columns=X.columns)
explainer = shap.TreeExplainer(emp)

# calculate shap values to plot the variables
shap_values = explainer.shap_values(X_test)

shap.summary_plot(shap_values[®], X_test)# summary plot for class no

High

overtime

joblevel

age

vyearsatcompany

shifc

distancefromhome
environmentsatisfaction
vearswithcurrmanager
jobinvolverment
jobsatisfaction

mMmaritalstatus

Feature value

department

hourlyrate

dailyrate
worklifebalance
NuMcomMmpaniesworked
trainingtimesliastyear
monthiyrate
vearssincelastpromotion

education

Low

—0.2 —O.1 0.0 o.1 o.2
SHAP value (impact on Mmodel output)

Figure 20 : shap on Random forest Model.
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1 = overtime

0.2 = joblevel

0.25 = environmentsatisfaction

o - shit oo

0.488 = yearsatcompany

+0.0
0.55 = age —0.04 .
1 = maritalstatus —-0.03 .

0.103 = distancefromhome +0.03
18 other features 0.0
-05 -0.4 -0.3 -0.2 -0.1 0.0
E[fX)] =0

Figure 21: Waterfall on Random forest Model.

Experiment 2: Lime on Neural Network for employee attrition for
healthcare

Lime was applied to the Neural network model as seen in the figure below.
import lime #import the Lime bibrary
from lime import lime_tabular
feature_names= ['age', 'businesstravel®, "dailyrate’, 'deparitment’, "distancefromhome®, "education', "educationfield”, "enviromnmentsati:
4 4

explainer = lime.lime_tabular.LimeTabularExplainer(X_train_df.wvalues, feature_names=X.columns.values.tolist(),
class_names=['Mo', 'Yes'], verbose=True, mode='classification"}

¥_test.columns = X_train.columns
predict_f = lambda x: Nnmodel.predict proba(x}

i = 9 #umber of instances or rows being explained

num_features = S

exp = explainer.explain_instance(X_test.values[1], predict_f, num_features=num_features)
¥ does not have wvalid feature names, but MLPClassifier was fitted with feature names

Intercept @.2146884414788377
Prediction_local [@.23267693]
Right: 3.58735141512931e-86

exp.show_in_notebook{show_table=True)

Prediction probabilities -~
ro [ : .00
Yes
-

import shap

#X_test. columns = X _troin. columns

¥_test_df = pd.DataFrame({X_test, columns=X.columns)
#X_tragin_df = pd.DotaFrame(X_troin, columns=X.columns)
explainer = shap.explainer (Nnmodel.predict_proba, x_train)
#explainer = shap. Explainer(Mmodel.predict_proba,X_train_df)

shap_values = explainer(X_test)

Permutation explaimer: 592it [@1:32, 6.87itss]

shap_values.shape

(591, 28, 2)

14



Shap
The library was imported and shap was applied on the Neural network model to interprete the
features that contributed to model predictions

import shap

#X_test.columns = X_train.columns

X_test_df = pd.DataFrame(X_test, columns=X.columns)
#X_train_df = pd.DataFrame(X_train, columns=X.columns)
explainer = shap.Explainer(Nnmodel.predict_proba, X_train)
#explainer = shap.Explainer(Nmodel.predict proba,X train_df)

shap_values = explainer(X_test)

Permutation explainer: 592it [@1:42, 5.5@0it/s]

shap_values.shape

(591, 26, 2)

classe = @ # Replace with the desire class (@ or 1)

obser_index = 2 # Replace with the desired rows to explained

max_display = 27 # maximum number of features to display
shap.plots.waterfall(shap_values[obhser index,:, classe], max_display=max_display)
plt.show()

Ax) 1

o overtime

distancefromhome

0.25 worklifebalance —0.08

jobsatisfaction +0.07
environmentsatisfaction
0.5 — maritalstatus
0.5 department - +0.05
0.633 age -+ﬂ.na

0.483 yvearswithcurrmanager - +0.04
0.25 relationshipsatisfaction —0.04 -
0333 — shift - +0.03
0.341 yearsatcompany - +0.03
0.4 — joblevel B oo
0.75 jobinvolvement - +0.03
0.133 yearssincelastpromotion . +0.02
0.155 monthlyrate . +0.02
0.723 dailyrate . +0.02
jobrole —0.02 '
gender . +0.02
0.5 trainingtimeslastyear ’ +0.01
0 6 — education ) +o
0.333 numcom paniesworked } +0
educationfield —o |
0.7% — performancerating | +o
0.54 hourlyrate |+0
businesstravel l +0
0.5 0.6 0.7 0.8 0.9 1.0
E[AX)] ).524

Figure 22: Waterfall on Neural Network Model
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output_index = 1# getting summary plot for class 1
shap.summary_plot(shap_values[:, :, output_index], X_test)

owvertirme
distancefromhorme

B S S T O O Y Sy

age

iobinvolvernent
rryaritalstarus

jobBlewel
environmentsatisfaction
wearswithocurrmmamaoger
departrment
PUrMmcomMmpaniesworked
worklifebalance
jobsatisfaction
wearssincelastpromotion
=hift
relationshipsatisfaction
dailwrate

gender

educationfield

businNnesstrawvel

—o.3 —o.2 —O. 1 o.O (=T o.2 o.3

SHAP value (iIMmpact on Mmodel

Ut T

Figure 23: Summary Plot Neural Network Model
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