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The War on Talent is Real



We know that what you  
say to candidates matters 
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Research at TapRecruit
Helping companies make better recruiting decisions 

Decision Science: NLP and Data Science:

- How do candidates make decisions about 
which jobs to apply to?  
Pr(apply) = jd + culture + co + other jobs… 

- How do hiring teams make decisions 
about candidate qualifications?  
Pr(success) = candidate + jd + other candid…

- What are distinguishing characteristics of 
successful career documents?  

- What skills are increasingly important for 
different industries?  



Smart Editor for JDs 
Data-driven suggestions  
on both the content and 

language use in  
job descriptions.

Pipeline Health Monitoring 
Analytics dashboards to  

help diagnose quality and 
diversity issues in  
talent pipelines.

Salary Estimation 
Data-driven salary 

estimates based on a job’s 
requirements rather than 

just title and location.

TapRecruit uses NLP to understand career content
Converting unstructured documents into structured data





Language matters in job descriptions
Same title, 
Different job

Finance Manager 
Kraft Foods

Finance Manager 
Roche

Same Title

Junior (3 Years) Senior (6-8 Years) Required Experience
No Managerial Experience Division Level Controller Required Responsibility

Strategic Finance Role Preferred Skill
MBA / CPA Required Education

Different title,  
Same job

Performance  
Marketing Manager 
PocketGems

Senior Analyst,  
Customer Strategy 
The Gap

Mid-Level Mid-Level Required Experience
Quantitative Focus Quantitative Focus Required Skills
iBanking Expertise Finance Expertise Required Experience
Data Analysis Tools (SQL) Relational Database Experience Required Skills
Consulting Experience Preferred External Consulting Experience Preferred Preferred Experience
MBA Preferred BA in Accounting, Finance, MBA Preferred Preferred Education



Understanding the ‘core’ of a job

15 M+ 
Job Descriptions

Real-time Candidate 
Job Search Data

500+ 
Job Categories

10,000+ 
Unique Characteristics

2.5 M+ 
Verified Salaries

Data Classification

57,000+ 
Unique Highlights

500+ 
Rule Kinds

Guidance

Responsibilities    
Skills 

Education



HEURISTIC 1: 

Inflating job titles improves 
applicant pool quality



The growth and impact of inflated titles
Hypothesis: Inflated titles amplify signal and reduce noise 

+30%  
‘Senior Data Scientist’

+10%  
‘Senior Software Engineer’

Senior Filter

Smaller 
applicant  

pool
Applicants

More 
qualified 

candidates

Applicants
Large 

applicant  
pool

Few 
qualified 

candidates



Senior Data Scientist Data Scientist

Average Total 
Applicants 40 110

Average Qualified 
Candidates 4 8 2x

Chance of 
Success 29% 58%

Title inflation does not live up to its promise
Fewer qualified applicants, lower chance of a successful hiring process



Data Scientist

Senior Data Scientist

Confidence Gap?

0 30 60 90 120

The impact of one word
What accounts for the difference in candidate pool size?



Data Scientist

Senior Data Scientist

Confidence Gap

Visibility Gap

0 30 60 90 120

Jobs with inflated titles are hit twice
Inflated titles drive fewer job views and fewer applications

Rare Search Term: Candidates rarely 
search for ‘Senior Data Scientist’ roles

Search 101: When candidates search 
for ‘Data Scientist’ roles, ‘Senior Data 
Scientist’ roles are considered weaker 
results by search algos and less 
frequently surfaced.



Jobs with inflated titles attract fewer women
Fewer female candidates and a lower chance of a female hire

Senior Data Scientist Data Scientist

Female 
Candidates

8 
(23%)

39 
(36%)

4x 
(+50%) 

Qualified 
Female 

Candidates

1 
(26%)

2 
(32%)

2x 
(+23%)

Chance of  
Female Hire 15% 39%



HEURISTIC 2: 

It’s all about the money



How candidates can read between lines



The paradox of the ‘competitive salary’
Dramatic rise in JDs, while real salaries have remained steady

2015 2016 2017 2018 2015 2016 2017 2018

1.7%

9.1%

Attract 20% fewer 
candidates

Take 10-15%  
longer to fill

Jobs that mention 
‘competitive salary’



but few companies mention their perks and benefits

F500 + Public Co. 

16%
Unicorns 

18%
Startups 

40%

62% of jobseekers consider  
perks and benefits critical  
factors in deciding on jobs



Do unusual P&B attract candidates?

Medical Insurance

401k

Family Leave

Paid Time Off

Unlimited Vacation

Standard P&B resonate but phrasing matters



HEURISTIC 3: 

Diversity can be ‘hacked’



The Rooney Rule combats lack of representation
Significant impact in the NFL (2003), Adoption in Big Tech (2016)
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Efficacy in Actual Hiring Decisions, Candidate Backlash

Real world implications of the Rooney Rule



Large candidate pools promote representation

40 Candidates 100 Candidates

Female 
Candidates

11 
(27%)

38 
(38%)

3x 
(+40%) 

Qualified 
Female 

Candidates

1 
(16%)

4 
(34%)

4x 
(+100%)

Chance of  
Female Hire 19% 43%



HEURISTIC 1: 

Job title inflation improves applicant pools 
- Title inflation decreases signal with no change to noise 
- The double-whammy of the visibility and confidence gaps 
 
HEURISTIC 2: 

It’s all about the money 
- Competitive salary makes you uncompetitive 
- The ‘boring’ benefits are not boring to candidates 
 
HEURISTIC 3: 

Diversity can be hacked 
- Representative candidate pools -> representative workforces



Research at TapRecruit
Helping companies make better recruiting decisions 

Decision Science: NLP and Data Science:

- How do candidates make decisions about 
which jobs to apply to?  
Pr(apply) = jd + company + culture + … 

- How do hiring teams make decisions 
about candidate qualifications?  
Pr(success) = candidate + jd + other candid…

- What are distinguishing characteristics of 
successful career documents?  

- What skills are increasingly important for 
different industries?  



How have data science skills  
changed over time?



Word embeddings capture semantic similarities

Proficiency programming in Python, Java or C++.
Word ContextContext

Experience in Python, Java or other object-oriented programming languages
WordContext Context

Statistical modeling through software (e.g. SPSS) or programming language (e.g. Python)
WordContext

French
German

Japanese

Esperanto

Language

Python
Programming

C++
Java

Object-
orientated



Embeddings capture entity relationships

Adapted from Stanford NLP GLoVE Project

McAdam
Colao

VodafoneVerizon

Viacom

Dauman

Exxon Tillerson
Wal-Mart McMillon

Hierarchies

SlowestSlower

Slow Shortest
Shorter

Strongest
Stronger

Strong

Short

Comparatives and Superlatives

Man

Woman

Queen

King

Woman :: Queen as Man :: ?

Dimensionality enables comparison between word pairs

https://nlp.stanford.edu/projects/glove


Two approaches to connect embeddings

2015
2016

2017
2018

2016

2017

2018

2015

Static embeddings 
stitched together

Dynamic embeddings 
trained together

Data hungry: Sufficient data for each 
time slice for a quality embedding. 
Requires alignment: Each time slice 
is trained independently. Dimensions 
are not comparable across slices.

Data efficient: Treats each time slice as 
a sequential latent variable, enabling time 
slices with sparse data. 
Does not require alignment: Treating 
time slice as a variable ensures 
embeddings are connected across slices. 

Balmer and Mandt, arXiv: 1702:08359  
Yao, Sun, Ding, Rao and Xiong, arXiv: 1703:00607  
Rudolph and Blei, arXiv: 1703:08052 

Kim, Chiu, Kaneki, Hedge and Petrov, arXiv: 1405:3515. 
Kulkarni, Al-Rfou, Perozzi and Skiena, arXiv: 1411:3315. 

https://arxiv.org/abs/1702.08359
https://arxiv.org/abs/1703.00607
https://arxiv.org/abs/1703.08052
https://arxiv.org/abs/1405.3515
https://arxiv.org/abs/1411.3315


Dynamic Embeddings

Repository Link: http://bit.ly/dyn_bern_emb

Absolute drift 
Identifies top words whose usage 
changes over time course

Embedding neighborhoods 
Extract semantic changes by nearest 
neighbors of drifting words

Rudolph and Blei, arXiv: 1703:08052 

http://bit.ly/dyn_bern_emb
https://arxiv.org/abs/1703.08052


Experiments with Dynamic Bernoulli Embeddings

Small Corpus Large Corpus

Job Types All All

Time Slices
3  

(2016-2018)
3  

(2016-2018)

Number of 
Documents

50 k 500 k

Embedding Training 100 dimensions 100 dimensions

Repository Link: http://bit.ly/dyn_bern_emb

http://bit.ly/dyn_bern_emb


Dynamic Bernoulli embeddings

Demand for PhDs and MBAs is Falling

MBAs in All Jobs 

-35%

PhDs in All Jobs 

-23%
PhDs in DS Jobs 

-30%

Data Science skills showing significant shifts

Tableau 

+20%
PowerBI 

+100%

Spark 

Steady
Hadoop 

-30%

Python 

Steady
Perl 

-40%
Blue boxes indicate phrases identified from top drifting words analysis.  
Grey boxes indicate ‘control’ skills.

Small corpus identified gains and losses



Dynamic Bernoulli embeddings

0%

1.5%

3%

4.5%

6%

2016 2017 2018

FP&A Roles 

+70%
FinTech Roles 

Steady

Sales Roles 

Steady
BizDev Roles 

+50%

Marketing Roles 

Steady
HR Roles 

+25%

No change to SQL demand SQL requirement increases in specific functions

Large corpus identified role-type dependent shifts in requirements
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Thank you PyData DC!
Maryam Jahanshahi Ph.D. 
Research Scientist 
      @mjahanshahi 
 in  maryam-j

http://twitter.com/mjahanshahi
https://www.linkedin.com/in/maryam-j/

