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We code text

Workometry text coding is now available in 3 different versions to adapt to the needs of most text analysis requirements.

All coding models can be automated for clients running ‘always-on’ surveys.

Custom Standard

Our original service. Completely An extensive, pre-built coding model
custom-built ‘inductive’ coding for a selection of the most commonly-
model. asked survey questions

When Custom is right: When Standard is right:

« You want the highest level « When you’ve asked a question
of quality, with the greatest similar to our standard set
coverage possible You have a smaller number of

« When the question you have answers meaning insufficient data
asked is not standard for a custom model
If you require a proprietary set You’re looking for a high-quality
of themes, for example to match model at a very affordable price
an existing methodology or
company-specific products

Hybrid

Our Hybrid service combines many
of the benefits of both Standard
and Custom. We start with a
Standard model and tune it for
your data.

When Hybrid is right:

« When you’ve asked a question
similar to our standard set
When you want to ensure that
company-specific themes are
captured
More cost effective than Custom




Visualisation to reveal insight and patterns

We've learned that text classification is only a small part of what is needed
to drive great decision-making and effective action.

An objective of all text-analysis is to summarise the composition of
comments, guiding the decision maker to areas and ideas that need
action.

We’ve found that machine learning has a strong role in identifying which
themes and ultimately comments have the most value. Visualising these
models can show how ideas are linked, which ideas are dominant with
different segments of employee and which themes are emergent.
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Coding interface (Beta)

For those wanting maximum control of their text classification we can offer the coding interface our analysts use.

Designed for domain-experts to maintain and refine a text model it offers a secure web-based platform that can be used

on the desktop or on a mobile device.

Our coding interface provides a simple-Ul to enable
domain experts perform the most common tasks needed

High
0.5

NEW ENTITIES

ATTRIBUTE CHUNKS

to build and maintain great training data.

UPLOAD FILES

LOGOUT 3]

REFRESH SEARCH AGAIN
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. st revised: 2020-07-30 09:55:37 Culture Or Behavior Last revised: 2020-07-30 09:55:37 Cc
° D a ta a u g m e n ta tl O n aining examples: 14 Training examples: 2213
0 HIGH: 5 LOW: 307 MED: 278 HIGH: 1026
Models can be deployed to run automatically on new
data or training sets can be downloaded to enable data-
st revised: 2020-07-30 09:55:37 Data Driven Last revised: 2020-07-30 09:55:37 c
scientists to use proprietary models.
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There are no easy solutions

But we're getting good at solving specific problems

OUR FIELD HAS BEEN
STRUGGLING WITH THIS
PROBLEM FOR YEARS.

iF

STRUGGLE NO MORE!
T™M HERE TO SOLVE
IT \JITH ALGORITHITS!

1 SIX MONTHS LATER:

WOW, THIS PROBLEM
15 REALLY HARD,
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Old approach: Bag of Words

Old approach to text analysis was mostly context-free.

Identify words in a Pre-process (eg

sentence

: Count frequency of
stemming, removal

of stop words)

‘tokens’




“You shall khow a word by
the company it keeps”

JR. Firth



Parsing trees to understand and segment sentences

Parse trees help you understand the structure of text in a graph (tree) format.

Try the API

Text Analytics is a key part of People Analytics

See supported languages

Entities Sentiment Syntax

Dependency Parse Label Part of Speech Lemma Morphology

$ B & | + Ve N7 ¥ e
nn nsubj root det amod attr prep nn
Text Analytics is a key part of People
be
NOUN NOUN VERB DET ADJ NOUN ADP NOUN

number=SINGULAR number=SINGULAR mood=INDICATIVE number=SINGULAR

proper=PROPER proper=PROPER  number=SINGULAR
person=THIRD
tense=PRESENT

number=PLURAL
proper=PROPER

X

ANALYZE

Categories
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Analytics

NOUN
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proper=PROPER



Word Embeddings: Driving most growth since 2012

Embeddings are created by a process of identifying relationships between words and their neighbours.

Output Layer
Softmax Classifier

Hidden Layer
Linear Neurons

Probability that the word at a

ey vy “Skip-Gram”
With one-hot

Input Vector

- ... “ability” encoded mword,
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Semantically similar expressions inhabit a similar space

Dimensionality reduction lets you understand what is going on.
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Ingredient networks produce a similar result

Graphs with a force layout produce a similar result with cooccurence networks
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Position and direction provides meaning in embeddings

Subtracting vectors provides relationship between words

/0 Football
- Baseball
- England
-« America
England Football America anp N:f2 &
Baseball
America

BEMW car Boeing mTﬂp N: 2 =%

airplane
aircraft



Abstracting further - cooccurence networks
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How we create these networks

Empirical Bayesian approach

Assume proportion
of people

mentioning theme
is constant (prior)

Use evidence of
co-occurence to
update prior

Subtract

distributions to
create probability




The data we create

Given the 30 people who talk about alignment

Resulting calculation creates a weighted edge-list we’d expect 3.14 people to mention decision

making. Instead we see 9. We think the chance

™~

of them being strongly related is 94%.

TimesMentioned NumberExpected ProbabilityHigher Factor entity SizeOfFactor ProportionWhoMention multiple factorPropAnswers
30 0.07019145 1 alignment alignment 30 1 427.402439 0.0009567241764
0 0.01455188 0.1016 alignment assignments 30 0 0 0.0009567241764
0 0.62316318 0.2708 alignment benefit package 30 0 0 0.0009567241764
2 1.10679944 0.60955 alignment big company 30 0.066666667 1.80/012117 0.0009567241764
0 1.11107940 0.24525 alignment bonuses 30 0 0 0.0009567241764
0 0.25508602 0.26595 alignment brand and reputation 30 0 0 0.0009567241764
0 0.13952692 0.24575 alignment breaks 30 0 0 0.0009567241764
2 1.6306673 0.51695 alignment bureaucracy 30 0.066666667 11226491689 0.0009567241764
3 6.59371700 0.20405 alignment career development 30 0.1 /0.45497858 0.0009567241764
0 0.30730162 0.26695 alignment caring for employees 30 0 0 0.0009567241764
0 0.23283019 0.26465 alignment certainty and clarity 30 0 0 0.0009567241764
1 1.59129169 0.3636 alignment change management 30 0.033333333 0.628420298 0.0009567241764
2 0.32527748 0.84985 alignment collaboration 30 0.06666666/ 6.148596491 0.0009567241764
0 1.80272205 0.2083 alignment colleague quality 30 0 0 0.0009567241764
0 0.04536764 0.17985 alignment colleagues help you 30 0 0 0.0009567241764
5 2.25639855 0.7865 alignment communication 30 0.166666067 2.215920587 0.0009567241764
0 0.10699917 0.23365 alignment commute 30 0 0 0.0009567241764
0 0.02225582 0.12875 alignment company car 30 0 0 0.0009567241764
2 4.14899991 0.2677 alignment company culture 30 0.066606667 0.482043876 0.0009567241764
0 0.10443119 0.23255 alignment company performance 30 0 0 0.0009567241764
0 0.06676748 0.20625 alignment competitive 30 0 0 0.0009567241764
0 0.20715039 0.26155 alignment complexity or simplification 30 0 0 0.0009567241764
0 0.01455188 0.1016 alignment corporate social responsibility 30 0 0 0.0009567241764
0 0.2405341 0.26355 alignment customer focus 30 0 0 0.0009567241764
0 0.3021 2 lignmen nd digitalisation 30 0 0__0.0009567241764
9 3.14491967 0.9394 alignment decision making 30 0.3 2.861758302 0.0009567241764
1 1.15598/10. 0.41795 alignment diversity or inclusion 30 0.033333333 0.862164822 0.000956/241764
0 0.01198390 0.0892 alignment dress code and uniform 30 0 0 0.0009567241764
1 0.52044397 0.5493 alignment employee engagement 30 0.033333333 1.921436404 0.0009567241764
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