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What is employee attrition?

 Employee leaves & position not immediately replaced w/

new hlre/\

* Voluntary * Involuntary
* Quitting » Layoffs
* Retirement * Termination

employee —— . + team
T attrition — T hiring cost l productivity

* Motivation? Current role in department conducting new hire 5 wk basic
training course, typically 20% stayed after 6 mths



Employee Data & Ethical Concerns

\
e Dataset: synthetic HR Employee Attrition & Performance dataset from |IBM

1,470 records
35 features

 Difficult to obtain real employee data
« companies do not make personnel records public
e accessing non-synthetic demographic data requires NDA making it inaccessible for open
research

 Anonymized personal data is vulnerable to re-identification
o Netflix public dataset challenge: researchers were able to reverse-engineer anonymized
customer records to identify individuals

Current Employees: 83.88% k
'Iq Past Employees: 16.12%




Attrition Counts by Age

EDA & Preparation

(EDA) — Who had higher attrition rates?
 Department: 1. Sales 2. HR 3. R&D
* Monthly Income Group <$1,000-$4,000
* Years w/ Current Manager: O-2 years

« 18-20 Age Employees =

Count of Employees

Data Preparation:
 Dropped constant/non-informative columns

(EmployeeNumber, EmployeeCount)
« Rating based columns —> categorical types

(JobSatisfaction)
* Numerical column skewness >0.75 - log transformed

Independent t-test:
* Hy: Average income by month of past employees is the same as

employees still present.
* p < 0.0001 -2 Average income by month of past employees is

different as employees still present




Top 15 Most Important Features

Models: Logistic
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Metrics:
e AUC & Recall > Acc.
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Findings
e
* Money (income) matters!!
* Younger people (18-20) tend to leave the company
* Logistic Regression > Random Forest

Future Directions

\

* Real anonymized employee data
* Real time system for continuous monitoring and

flagging
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