Workometry.

A comprehensive introduction to Text Analytics in
HR



Problem we’re solving

How do you know what your employees think?

o Better information = Better decisions
o Employees have best ideas because they're closest to
the problem

: Communication via Chinese Whispers is a significant
barrier

o Surveys are used because they're cheap, not because
they're effective

-  Asking open questions has always been expensive to
scale.



Benefits of open text feedback

Open questions ensure that the best quality of data is being collected, analysed and acted upon.

For the employee “I can say

exactly what |

It’s mobile- Change

It’s quick

: friendl m ickl
think” endly comes quickly
Open questions provide Most Workometry Employees use The richer, contextual

a better experience feedback requests take whatever device they feedback means firms
letting employees share less than 5 minutes to want. don’t need additional
their thoughts in their complete. Over 50% use a detail. Therefore they
own words. smartphone. can act more quickly.

For the firm The data is Quickly

Ask about an : : : Segment &
: y rich & has identify key 9
topic target
context ENES

Don’t worry about The answers you'll get Workometry’s Thoughts aren’t
validating complex will show you why it's sophisticated analytics distributed uniformly:
survey designs: just important and how to act  highlight key themes Workometry links to your
ask a few great open effectively. and let you dive into data to identify target

questions. details. groups.



Ability to make changes quickly

Text, analysed correctly can identify be a real driver for meaningful change.

From... in the next survey ...T0

“Change the music.
It’'s so moody and

depressing and totally “Since the last survey,

not our customer. they have changed the
We have had several music and it creates a
complaints from better work place for
customers and the staff and customers”

team”



Examples of questions our clients have asked

“What could we
do to improve the
performance review
process?”

“How can we improve
customer experience in
our stores?”

“What ideas do you “How could HR
have to improve improve the services
the Christmas sales they provide you as a
period?” manager?”

“What could we do to
improve your working
life here?”

“If you were our Brand
Director, what would
you do first?”




What is good enough?

The more you are going to rely on text, the better the coding has to be. You should be able to understa
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Finding meaningful topics

We aim to highlight meaningful topics that increase understanding. We find these from your answers, not a
standard topic library. More answers mean more insight.

More clarity on the
future direction [Simp“fy sales p|ansj Viere Bevalesme 2
Training Required
Improve performance
review process Solve issues related to
stock
Better Plannin Improved Discussion of
. 9 Results Required
Required
Proud of our Heritage

erformance Neede

E’art-Time VS. FuII-Timej
More Focus On
P d

Better Home Office
Options Required

Lack of Opportunities/
Chances

Mindset/Mentality
Better Customer Change Needed
Service




OVERVIEW OF TEXT ANALYTICS

Use cases, history, challenges




Understanding text

Hint: It’s difficult
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Most data is unstructured

Most of the talk about Big Data was about the rise in unstructured data

According to Forrester (June 2018) enterprises have huge volumes of

unstructured data

61% > 100 terabytes,
12% > 5 petabytes



History of text analytics

3 phases of text analytics. Data / Computing availability has been a key driver for promoting the adoption of new
approaches

NLP / Programmed Deep Learning / Word

Grammatical Statistical Approaches

Approaches

Embeddings




The traditional ‘manual’ text coding process
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Text analysis historically expensive

HR has been trying to avoid capturing and analysing text.

POSITIVES NEGATIVES
Contains richness & Granularity Messy - typos, multiple-wordings

Enables people to add what they Introduction of subjectivity -
need / want to say potential bias

Easier to design a good Ul Risk of litigation

Difficult to report




Use cases of text analytics

Text analytics are everywhere, and could be the future of computing

. Text Classification

Language Modeling

Speech Recognition

Caption Generation

Machine Translation

Document Summarization

« Question Answering



Assistants - Powered by text analysis



https://youtu.be/-qCanuYrR0g

Translations

H Mieraialt Bdicrogoft 365 Anore Dffow 385 Dymamibcs 265 SaL Windows 10 More Saarch Microia® Reinidch o

Achieving Human Parity on Automatic Chinese to

English News Translation

March 12, 2018

Abstract  Related Info

Machine translation has made rapid advances in recent years. Millions of people are using it today in online

BibTex translation systems and mobile applications in order to communicabte across language bamers. The question naturally
arises whether such systems can approach or achieve parity with human translations. In this paper, we first address
the problem of how to define and acourately measure human parity in translation. We then describe Microscoft's

Authors machine translation system and measure the quality of its translations on the widely wsed WMT 2017 news translation
Hary Hassan Awadalla task from Chinese to English. We find that cur latest neural machine translation system has reached a new state-of-
ARTROMY Aug the-art, and that the translation quality is at heman parity when compared to professional human translations. We
Chang Chen atso find that it sigraficantly exceeds the quality of crowd-sourced non-professional translations.
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Image to text

Automatically generated text, using a Corpus of Romantic Novels.

Generated story about image
Model: Homantic Novels

“We had to act much of the group,
despite the faet that people were
surrounded by thousands of
people . A few more times, they
were beautiful, and I wondered
what was going on in New York.

I didn't want to tear my eyes
away from Bill. I had no idea
what he meant to me. The rest of
the crowd gathered around us,
and for a moment. I was pretty
sure she was the only person in
the entire world. He sounded so
relieved and heavy , as if it took
hundreds of people standing upon
them.”



HR use cases of text analytics

There are lots of use cases, most of which fit into these groups

Understanding
employees’ opinions,
needs and ideas

Understanding Job Automating HR

Descriptions / CVs Operations




CV / Job Matching

TextKernel (and other similar products) can match on Job Description / CV pair without recruiters needing to
build complex searches.
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Bots

Automating common processes to reduce cost Welcomel
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Context is vital for understanding text information

Generic text algorithms fail to provide contextual meaning to comments. We look at text in 3 ways:

The context of the Question

The context of the Organization

The context of the sentence structure




There are no easy solutions

But we’re getting good at solving specific problems

OUR FIELD HAS BEEN
STRUGGLING WITH THIS
PROBLEM FOR YEARS.

7

STRUGGLE NO MORE'
T'M HERL TO SOLVE
T JITH ALGORITHITS!

\

91X MONTHS LATER: ——

\WOU THIS PROBLEM
15 TEFLL‘{HW

?EJUMEW

A




Voice Assistants

Apple’s approach to let Siri do everything is much more difficult to achieve than Amazon’s approach to opening
Alexa up to developers to build specific models.




Very good, at narrow use-cases

The system only works when it has
been trained in extremely narrow con-
texts, or “domains?’, ... since the range
of the language used is limited and it is
easler to predict what people will say
next.



https://youtu.be/-qCanuYrR0g

A process for understanding text

We can apply a ‘standard’ data science methodology to understand most texts

e | ) i DEEE howmee ) ) s ) &



How we code text

A high-level summary of our approach

(2
Clean-up the answers (spelling etc.)j Translate to a common language
O Split long-form answers into Parse sentences to understand
sentences structure & POS

Unsupervised learning to identify Semi-supervised learning to

meaningful clusters increase training set

0 Ensemble-type supervised Apply probabilistic models to
learning to code groups identify outliers in groups

Throughout, algorithms revert to human to clarify uncertainty.




Parsing trees to understand and segment sentences

Parse trees help you understand the structure of text in a graph (tree) format.
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Named Entity Try the AP
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Stemming & Lemmatization

Simplifying the text to core components is useful in many applications

“My system keeps crashing! his crashed yesterday, ours crashes daily”

Stemming Lemmatization

‘My system keep crash hi crash ‘My system keep crash ! his crash
yesterday, our crash daili’ yesterday , ours crash daily’



Parts of Speech tagging (POS)

Understand what each part of a sentence means

T DON'T MEAN TO GO ALL LANGURGE
NERD ON YOU), BUT T JUST LEGIT

ADVERBED LEGIT, VERBED ADVERG,
wmﬂmmwﬂm

F§




Sentiment Analysis

A useful fall-back solution

Document & Sentence Level Sentiment

Endira Docunmont

Although the compam’s podcles are a paln | appreciate my manager's honesty m

Entity Level Sentiment

Sentiment Score-0.1 Magmiude 001

1. company

Sentiment: Score 02 Magnilude 0.2

PERS0N

4. manager

3. policies

Ssnliment: Score -0 E Magnitude 0.8 Sentiment: Score 0.8 Magnifude 0.8

5. honesty

Sentiment: Score =03 Magnitlude 0.3



Sentiment Analysis cont.

Current state-of-the-art is about 65% accuracy

Try the AP
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Tone analysis

Scoring is possible on a range of emotions, not just on sentiment.
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Text Classification

TEXT EPLORER
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Text Classification

Emerging themes

In response to the guestion:
What improvemants or other tools/rosources
are peeded bo support effective goal-setting ?
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Emerging themes

In response to the guostion:
What improvements or ol her fools resources ane
negded fo support effective career development?
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More than just understanding the words

We need to find a way to deal with the way people communicate, especially in short texts.

INFLECTED LANGUAGES CHANGE OUR LANGUAGE FRAIMILY IS INFLECTEL, | | COULL? THAT MEAN ENGUSH
LJORDS To ADD MEANING, LIKE *-5' BUT THE ENGLISH BRANCH HAS LOST | | LRITING IS RIPE To BECOME
FOR PLURALS OR “ED" FOR PRAST TENSE. | | MOST OF ITS INFLECTION OVER THE f"DF.’EF'E'IbGﬁ"I‘:HE'?

| ‘ PILLENNIA. ITS UHY \JE DON'T HAVE
ALPHABETS—\JHERE SYMBOLS STBND ALL THOSE LATIN CONTUGATIONS.

FOR SOUNDS INSTEAD OF WORDS—LIORK
WELL FOR THEM, SINCE YOU (AN SHOW

o i

https://xkcd.com/1709/




Need to understand the semantic meaning

“If you could do one thing to improve working for COMPANY what would it be?”

“more money, less hours!”

“Competitive salary increases
for internal movement, low pay
rises encourage outward moves
rather than talent retention”

“Better wages”

“Not being salary capped after
30 + years of loyal service”

“Better pay”

“if I could | would give a pay rise
to the living wage amount and
not just the minimum wage, we
do work hard for our company.”



Need to understand the semantic meaning

“If you could do one thing to improve working for COMPANY what would it be?”

“more money, less hours!”

“Not being salary capped after

. . 30 + years of loyal service”
“Competitive salary increases

for internal movement, low pay
rises encourage outward moves “Better pay”
rather than talent retention”

“Ha Ha. A raise”

“Better wages”
“if I could | would give a pay rise
to the living wage amount and
not just the minimum wage, we
do work hard for our company.”



CV / Job Parsing - Importance of ‘Zoning’

Pamela Woolley b
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Increasing your training set

You always want better training sets




Increasing your training set

You always want better training sets




DEEP LEARNING & WORD EMBEDDINGS
Magic?




History of text analytics

3 phases of text analytics. Data / Computing availability has been a key driver for promoting the adoption of new
approaches

NLP / Programmed Deep Learning / Word

Grammatical Statistical Approaches

Approaches

Embeddings




Word Embeddings - driving current growth

Word Embeddings use deep learning to map words to n-dimensional vectors (where n is

Output Layer

Softmax Classifier
Hidden Layer s e = : ?
— linear Neurons | B ) — st Skip-Gram
8 | X E With one-hot
o &y encoded centre word,
WO - () e we can predict
=R context words.
i z T Hidden layer creates
B &) embeddings

L]



Word Embeddings

Dimensionality reduction can give you an idea of what is happening
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Text embeddings learns relationships

Vectors can be subtracted to show learned relationships.  Football
- Baseball
- England
- America
England Football America m TopN: 2 =
Baseball
America
BMW car Boeing v

airplane
aircraft



Word embeddings are everywhere

Lots of uses of context words

B GOOGLE ®m

Hiow will Livar

how will liverpool line up next season

how will liverpool fans get to kiev

how will liverpool liné up against real madrid
how will liverpool line up against man city
how' will liverpool beat real madrid

howe will liverpool line up 201819

how will liverpool line up against roma

how will liverpool line up with fekir

how will liverpool ling up with naby keita

Google Search PFm Fealing Lucky

Liirrss pragaty

Hrppelet diainrnrull gt i



Text Embeddings

They can do some ‘crazy’ things

facebook research

Research Areas Publicaticns Peopla Academic Programs Devarmloads & Projects Careers Blog

Aped 30, 2018

Word Translation Without Parallel Data

International Conference on Learning Representations (ICLR)

Ey: Mexin Conneau. Guillaumes Lample. Mare' Auralia Aanzate, Ludovic Denoyar, Hared Jégou

(B) (C)
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UNCONSCIOUS BIAS IN REVIEWS?

Analysis of the open comments of English
language performance reviews




Introduction

Do managers describe men and women differently in performance
reviews?

. Article in Fortune claimed that men and women _

were described differently in performance The abrasiveness trap: High-

reviews S et achieving men and women are
. The sample size was quite small (248 reviews  sucemnae described differently in reviews
from 108 people) Merene o tu etz ey S
- Women were given more critical comments iyt Ak S
- Words such as ‘bossy, abrasive, strident, and i
aggressive’ used for women managers i YA
¢ . . . , | Eaalia
- Words such as ‘emotional and irrational’ used A
when they object. o =
. . E’::‘ L
Are these findings general & do they oo s o e g o hoechn
- WD FESRVTE 31 PO T U T W had &
apply to employee reviews? BRI e o e
e Wi, T £ o i perCrcnime ko e G e A Land

http://fortune.com/2014/08/26/performance-review-gender-bias/



Our approach

From the English language texts 10,000 entities were extracted

(2) (3)

Extensive list of — Terms ‘controlled’ Probability
entities extracted: . assigned
function
Key words “What is the
grade

probability that this
entity is more used
about / by women

Common phrases



Conclusion




Research on female & male differences

Many of our findings would support existing research

Men...

- are bigger and stronger than
women

- don'tlive as long as women,
and the lose their mental
faculties earlier

- are more competitive than
women

- are more self-interested than
women

- like to play games more than
women

« focus on tasks in a more
single-minded fashion than
women

- have better mental mapping

Women...

- feel and express emotions
- are more empathetic than

« are more dexterous than men

« have better social skills than

. are more cooperative than

- have a better memory for

more easily than men

NIGE]

men

are more nurturing than men

men

« have better verbal skills than ]\ 1

men

men

are better at multitasking than
men

JCHOLSON

3\ nima _.]_




Research on female & male language-use differences

Many of our findings would support existing research

Deborrah Tannen’s Difference theory
. Status vs Support D E B O RAH

- Advice vs Understanding
. Information vs Feelings TAN N E N
- Orders vs Proposals PR it
- Conflict vs Compromise .

- Independence vs Intimacy

YOU
JUST DON'T
UNDERSTAND!

WOMER AND

MEN IN
EONVERSATION




Key themes: what they do - women

Clear differences for several key themes used by managers & women

Used by managers about women

Willing to take new

challenges Working with high

accuracy

Had changes in roles

Working task-oriented Working carefully

Has been or should be tak-
en out of comfort zone

Timeliness & efficiency  12KINg on responsibility

Goes the extra mile

Takes ownership Following processes and

procedures thoroughly

Has been developing

Used by women about themselves

Offering assistance to
others

Working hard

I’'m meeting targets

Making me & others feel
comfortable



Key themes: how they do it - women

Clear differences for several key themes used by managers & women

Used by managers about women Used by women about themselves

Has a positive attitude

Demonstrates

determination & willingness Is a team player Sharing knowledge with

others

Should be proud Embracing changes

Has good presentation Good knowledge & skills

skills

Has grown in confidence CERIIRG i 250 Analytical thinking

Can be relied upon
Being helpful & supportive

Asking others for support

Being good in
communicating

Having concerns



Key themes: what they do - men

A selection of themes more likely to be used by men (black for terms more

likely to be used by women)
Used by managers about men Used by men about themselves

Accomplished goals -
Produced quantifiable

(Good) Productivity Should continue his work results

Makes good decisions
I’'m meeting targets

(women)

Meeting targets

Embraces our corporate

value Seeking constructive

Creates value for the criticism
company

Having measurable
achievements ask for honest feedback

Pursues yearly targets

, Being successful
Delivers good results

Has an opportunity
Had a good year

Good performance

Improves engagement Objectives achieved /

- exceeded



Key themes: how they do it - men

A selection of themes more likely to be used by men (black for terms more
likely to used by women)

Used by managers Used by men
Having concerns Having concerns
(women)

Good perspective

Caring about profitability

Is experienced Interacting with fellow
employees

attitude & commitment Caring about competition

Good leadership Being a leader

Is flexible



If a women is involved, the statements are longer

Regardless of whether it is manager or self-assessment, if a women is
Involved the text statements are longer.

If @ manager is writing about a
women they write more regardless of

their gender
Eripiiede
Nansger V'pram

Men write more if they have a female
boss



CONCLUSIONS




How to get started

Text is very hard to get right.

- Buy vs Build

. [f Build, work with domain experts

- Solve very specific problems - the more specific the better

- Most of your time will be cleaning data

- YoUu'll also consume massive resources building training
sets

- Don't forget that Ul and question makes a BIG difference to
data quality

« /0% is good, 80% is close to human levels
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