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Executive Summary

Human capital is a key factor in value creation. Therefore, changes in hiring can provide 
valuable insights into a company’s performance and investment prospects. In this paper, we 
demonstrate how investors can benefit from job posting data using RavenPack Job Analytics 
powered by LinkUp. We find that:

(i) Monthly hiring growth is positively correlated with future stock performance. 
Additionally, companies with higher hiring growth that hire in similar locations 
outperform. A long/short sector-neutral portfolio delivers an Information 
Ratio of 1.1 and Annualized Returns of 2.9% with a weekly holding period.

(ii) A strategy focused on the monthly growth of the most demanded positions 
for each sector generates better performance than the overall growth strategy. 
The resulting portfolio achieves an Information Ratio of 1.4 and Annualized 
Returns of 3.0% with a weekly holding period.

(iii) Job descriptions carry orthogonal alpha. Companies with a stable distribution 
of soft skills outperform others, leading to a strategy with an Information 
Ratio of 0.9 and Annualized Returns of 2.0% with a monthly holding period.

(iv) The combined strategy shows robust performance over different trading 
horizons. With an effective holding period of two weeks, the strategy delivers 
an Information Ratio of 1.7 with Annualized Returns of 2.9%. The Information 
Ratio remains above 1.0 with a monthly holding period.

Cumulative log returns for the final combined portfolio using various smoothing windows, resulting in different 
holding periods. Results for U.S. mid/large-cap companies.
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1. Introduction

There is a strong link between human capital and busi-
ness success. A company’s growth or decline in hiring 
can, therefore, provide valuable insights into its per-
formance and investment prospects.

In recent years, a number of studies have explored 
the relationship between human capital and financial 
performance. Rouen (2020) showed that the future 
value of a company’s personnel expenses (PE), a proxy 
for human capital investment efficacy, is positively 
associated with characteristics of human-capital 
intensive firms, but found that market participants fail 
to fully factor in human capital investment. GutieRRez 
(2019) found that changes in the number of job postings 
at an organization are positively correlated with future 
investment performance and that this relationship is 
stronger when postings are driven by growth rather 
than replacement. Qin (2019) showed that turnover is 
negatively associated with future financial performance 
but that the negative relationship disappears when 
turnover is very low, suggesting that a certain amount 
of turnover is beneficial. More recently, ChuChu (2022) 
found that high administrative intensity is associated 

with lower employee turnover and higher employee 
job satisfaction, but that administrative intensity is 
negatively associated with future firm performance. 

In the past, most studies in this space have focused 
exclusively on job posting numbers, as analysis of 
job descriptions is onerous. In this paper, we present 
RavenPack Job Analytics powered by LinkUp, which 
analyzes job postings directly from employer websites 
using state-of-the-art Natural Language Processing 
(NLP) technology, and provides data on positions, 
locations, and job descriptions. 

In SECTION 2, we provide a brief overview of 
RavenPack Job Analytics. SECTION 3 outlines our 
portfolio construction and backtesting methodology. 
In SECTIONS 4, 5, 6, and 7, we showcase four trading 
strategies using job openings, hiring locations, 
and job descriptions for the U.S. mid/large-cap 
universe to demonstrate how this data can provide 
consistent and idiosyncratic alpha. In SECTION 8, we 
present a combined strategy using the previous four 
methodologies as building blocks. Finally, we provide 
general conclusions.
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2. Data description

1 The global universe consists of the top 3,000 companies in the U.S. and the top 7,000 companies worldwide ex. U.S., based on market capitalization. 
The large-, mid-, and small-cap categorizations worldwide ex. U.S. are achieved by splitting companies into groups based on their market cap per-
centile (p), i.e. p > 87.5 for large/mid-caps and p ≥ 87.5 for small-cap. In addition, we apply some stricter stability requirements on how companies 
move from one group to another, adding ±2.5 to each of the threshold values. The U.S. market cap categorizations are achieved by assigning top 1,000 
ranked companies by market cap to large/mid- and 1,001-3,000 companies to small-cap groups. 

2 More details can be found here:  O*NET-SOC Taxonomy at O*NET Resource Center (onetcenter.org)

RavenPack Job Analytics data is sourced from LinkUp, 
the global leader in real-time job market data. LinkUp 
captures job postings directly from employer websites 
daily and includes more than 200 million jobs listings 
from over 60,000 companies across more than 195 
countries since 2007. From a volume perspective, the 
data is weighted towards the U.S. market as almost 
80% of the postings originate from U.S. companies, as 
shown in FIGURE 1. The data, however, captures the 
global hiring activity of these firms.

The data set covers the U.S. mid/large-cap1 universe 
reasonably well at around 80% over the recent years. 
This area of the market represents 67% of total post-
ings. Coverage of the U.S. small-cap and European 
mid/large-cap universes is closer to 60%, but increas-
ing over time. The volume bias towards the U.S. is not 
merely due to superior coverage but also a result of 
large-cap companies engaging in more hiring activity. 

RavenPack Job Analytics powered by LinkUp includes 
information on the position listed in each job post-
ing. Positions are classified into 23 major groups, 98 
minor groups, and 459 broad groups under the O*NET-
SOC 2019 occupations2 structure. This refined structure 
makes the jobs data easier to digest.

RavenPack job posting documents contain a ma-
chine-generated title covering employer, position, and 
location data, which delivers information in a clear 
and concise manner. FIGURE 2 shows the paragraph 
distribution of job postings from U.S. companies over 
time. Prior to 2013, most job posting documents con-
tain no paragraphs (only titles) because descriptions 
were not collected. 

US Small-Cap

17.5%

AS Mid/Large-Cap

EU Mid/Large-Cap

EU Small-Cap

1.9%

11.4%

1.0%

US Mid/Large-Cap
67.5%

FIGURE 1:  Percentage of job postings per trading universe.
Source: RavenPack, October 2022
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FIGURE 2:  Paragraph distribution of job posting documents 
for U.S. mid/large-cap companies per year. Source: RavenPack, 
October 2022

RavenPack Job Analytics is powered by LinkUp, the global 
leader in real-time job market data. LinkUp sources job postings 
directly from employer websites daily, and includes more than 
200 million jobs listings from over 60,000 companies across 
more than 195 countries since 2007.

Powered by

https://www.onetcenter.org/taxonomy.html#latest
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Job descriptions contain an abundance of information; 
however, processing it requires a considerable amount 
of effort. RavenPack Job Analytics provides a solution 
to process jobs data more efficiently and systematical-
ly. RavenPack Job Analytics also provides information 
related to job descriptions, skills required, and bene-
fits, as shown in FIGURE 3. Qualifications describe em-

ployers’ requirements of candidates and contribute 
about 70% of total volume of entity detections within 
the jobs taxonomy. Qualifications can be divided into 
six different groups: skills, personality traits, knowl-
edge, experience, education and abilities. Skills can be 
further split into other subcategories such as technical 
skills or soft skills. 

BENEFITS & 
COMPENSATION

QUALIFICATIONS

EMPLOYMENT 
POLICIES

DUTIES & 
RESPONSIBILITIES

BENEFITS
COMPENSATION

DUTIES & RESPONSIBILITIES

ABILITIES

ADMINISTRATIVE REQUIREMENTS

KNOWLEDGE

PERSONALITY TRAITS
SKILLS

EXPERIENCE

WORK VALUES
DIVERSITY & INCLUSION

EMPLOYMENT TYPE
EQUAL EMPLOYMENT OPPORTUNITIES

EDUCATION

EDUCATION BENEFITS
COMPENSATION

TIME OFF BENEFITS
HEALTH & WELLNESS BENEFITS

RETIREMENT BENEFITS
OTHER EMPLOYMENT PERKS

ABILITIES

EXPERIENCE
EDUCATION

GENERAL KNOWLEDGE

SUSTAINABILITY KNOWLEDGE
COMPLIANCE KNOWLEDGE

PERSONALITY TRAITS

TECHNICAL SKILLS
SOFT SKILLS

TECHNOLOGY SKILLS

ADMINISTRATIVE REQUIREMENTS

WORK VALUES
DIVERSITY & INCLUSION

EMPLOYMENT TYPE
EQUAL EMPLOYMENT OPPORTUNITIES

DUTIES & RESPONSIBILITIES

JOB TAXONOMY

FIGURE 3: Jobs taxonomy hierarchy from less granular to more granular themes (left to right). Source: RavenPack, October 2022
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3. Portfolio construction & backtesting

3 In some cases we need five quarters of a year for feature construction so even if we use data starting from January 2013 we are only able to build the 
strategies from April 2014.

4 Results are robust over similar threshold selection, as shown in Appendix A. The optimal selection, due to the balance between signal strength (for 
higher thresholds) and portfolio breath (for lower thresholds), may depend on the actual use case.

FIGURE 4 shows the company coverage of the U.S. 
mid/large universe over time. Since 2013, coverage has 
been strong at more than 70% of the universe. With 
this in mind, and the fact that the collection of job 
descriptions started in 2013, our strategies are based 
on out-of-sample backtests starting in April 2014 for 
the U.S. mid/large universe.3 To remove potential du-
plicates of job postings within the same day, we only 
count job posting events with event similarity days 
and title similarity days greater than or equal to 1.0. 

We construct long/short sector-neutral portfolios us-
ing the following methodology: 

 z Given a certain feature, we rank companies cross-
sectionally and then select the top/bottom 20% 
for each sector.4

 z Sector portfolios are equal-weighted, however, 
the relative weights between sectors are 
proportional to the number of stocks selected 
in each sector. For example, the allocation to 
a sector portfolio with 12 companies would be 
twice the allocation of a sector portfolio with 
only 6 companies.

All portfolios are sector and dollar neutral, with 50% 
long and 50% short exposure.  Strategies are rebal-
anced daily to ensure path-independence. In subse-
quent sections, we investigate the impact of smooth-
ing down weights over a range of windows to reduce 
turnover and assess the signal decay.

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
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FIGURE 4:  Coverage for U.S. mid/large-cap companies per year. 
Source: RavenPack, October 2022
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4. Hiring growth

In line with previous studies, we find that changes in 
the number of job postings are positively correlated 
with companies’ future performance. In this section, 
we explore a simple strategy based on monthly growth 
of job postings within the U.S. mid/large-cap universe.

If the total number of jobs being posted by company k 
on each day t is Nk(t), each company’s monthly hiring 
growth on day t is calculated as the percentage change 
between the jobs posted over the last 30 days relative 
to the prior 30-day period :

Monthly Growthk(t)=
Σ
Δ=0

-29

Nk(t –Δ) –
 

Σ
Δ=–30

-59

Nk(t –Δ)
   

(1)

         
 

Σ
Δ=–30

-59

Nk(t –Δ)
 

Using the monthly growth formula above, we rank com-
panies cross-sectionally each day. We then go long the 
top 20% and short the bottom 20% within each sector, 

constructing a sector-neutral portfolio with 50% long 
and 50% short exposure, as described in SECTION 3. 
FIGURE 5 shows the cumulative log returns of the 
strategy from April 2014 to August 2022. Performance 
is robust, with Annualized Returns of 1.96% and an In-
formation Ratio of 0.89. 

4.1  Location enhancement

GutieRRez (2019) showed that the relationship be-
tween changes in the number of job postings and 
future performance is stronger when postings are 
associated with growth rather than replacement, be-
cause replacement is not supported by an increase 
in demand. Similarly, we argue that the relationship 
is stronger when growth is driven by demand, rather 
than the exploration of new markets – where invest-
ment returns are not guaranteed. 

Companies with stable growing demand tend to show 
similar hiring growth  across existing locations. By 
contrast, growth driven by exploration of new markets 
tends to increase the hiring in specific, new locations. 
We capture this concept by measuring the distribu-
tional change of the hiring location over time using 
the cosine similarity of the hiring location vectors. The 
location  vector {Nk,s(t)}s stores the number of job 

0%
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FIGURE 5:  Cumulative log returns of the monthly hiring growth 
strategy for the U.S. mid/large-cap universe, from April 2014 
through August 2022.  Source: RavenPack, October 2022

postings for each location s at the state level5 (if the 
company is not hiring in a given state, the correspond-
ing vector dimension is equal to zero).

5 We look at hiring locations globally. We use States in the US and 
provinces in other countries.
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To align with the monthly growth features we 
constructed earlier, we aggregate daily location hiring 
volumes at a monthly frequency, NSk(t):

__
NSk(t)≡{Σ

Δ=0

-29

Nk,s(t –Δ)}s
.

The cosine similarity between the current and previ-
ous month’s location vectors is then calculated as the 
dot product divided by the modulus of each vector:

Location Similarityk(t)=
 
__
NSk(t)⋅ 

__
NSk(t–30)	

(2)                               __
|NSk(t)| × | 

__
NSk(t–30)|

The location similarity is bound between zero and 1.0 
due to the non-negative values in the location vectors. 
The similarity is higher when the hiring distribution 
across all locations exhibits smaller changes between 
the two periods. It is worth noting that changes in 
relative volumes between different locations have an 
impact on similarity scoring, while the overall shifts in 
hiring volume have no effect.

If our initial assumption stands, we should see a di-
vergence in typical market behavior when condition-
ing hiring growth on location similarity. We analyze the 
market reaction by performing an event study where-
by the initiation of long positions in companies with-
in the top 20% hiring growth bracket mark the event. 

FIGURE 6 shows the average excess return (in basis 
points) around the event dates (day zero) when split-
ting companies based on median location similarity 
within their respective sectors (top/bottom 50% sim-
ilarity). The companies with higher location similarity 
clearly outperform those with lower similarity, consis-
tent with our assumption.

Having verified our assumption, we seek to enhance 
the basic hiring growth strategy by double sorting on 
location similarity. For each sector, we keep the bot-
tom 20% hiring growth leg the same as before, but 
only go long half the companies in the top 20% hir-
ing growth leg —  the half corresponding to the higher 
50% location similarity (the red line in FIGURE 6). This 
means that the allocations of the remaining long posi-
tions will also increase since we want to ensure maxi-
mum exposure. The Annualized Returns increase more 
than 45%, improving from 1.96% to 2.85%, while the 
Information Ratio rises 20% to 1.09. FIGURE 7 shows 
the comparison of cumulative log returns between the 
raw hiring strategy (“Raw Growth”) and the strategy 
enhanced by location similarity (“Growth Enhanced by 
Location”), demonstrating consistent outperformance 
over time.

-2 0 2 4

Top 20% Hiring Growth
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FIGURE 6:  Average price reaction for the top 20% growth 
companies per sector, conditioned on the location similarity 
(top/bottom 50%) for U.S. mid/large-cap universe, from April 
2014 through August 2022. Source: RavenPack, October 2022
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FIGURE 7:  Cumulative log returns of the monthly hiring strategy 
with location similarity enhancement for the U.S. mid/large-
cap universe, from April 2014 through August 2022. Source: 
RavenPack, October 2022
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5. Most demanded positions

6 Note that in many cases — except when we have multiple positions at the same level —  we would not need to build a portfolio for the most demanded 
position selection, just a count of  the number of companies that are hiring for that  position group within each sector.

The growth strategy presented above is sector-neu-
tral, so the performance of the overall portfolio can be 
viewed as a linear combination of the smaller sector 
dollar-neutral portfolios. FIGURE 8 shows the Informa-
tion Ratio of the basic hiring growth strategies across 
different sectors. Performance is quite varied, ranging 
from an Information Ratio of close to 1.0 in the best 
performing sector, to negative values in the worst per-
forming sectors.

It is counterintuitive that certain sectors generate neg-
ative performance, suggesting that companies with 
greater hiring growth underperform on average (note 
that we are looking at relatively short timescales). 
However, there are many factors being ignored in this 
simplified interpretation which can impact sectors dif-
ferently. For example, we are unable to differentiate 
real employee growth from turnover. ChuChu (2022) 
found evidence that high administrative intensity is 
associated with lower employee turnover, but with 
lower future firm performance, which suggests that 
the composition of positions is also important.  

Each sector is unique when it comes to hiring, and in 
many cases growth in preferred positions can deliver 
better performance than general hiring growth. For ex-
ample, lawyers and judges are preferred by the Com-
mercial Services sector, as they are closely related to 
profit generating units. Using only growth coming from 
these positions would result in a specific hiring growth 
strategy with an Information Ratio of 1.0, compared to 
the close-to-zero Information Ratio for the overall 
growth strategy (FIGURE 8). One could potentially se-
lect the most suitable candidates for each sector to 
enhance performance. However, in order to avoid man-
ual selection, we propose a systematic way to select 
positions per sector over time that only looks at past 
information, even if this does not necessarily reflect 
the optimal choice all the time. We do so by focus-
ing on the most demanded positions for each sector: 

 z We use the minor groups within the O*NET 
Occupation taxonomy as our target position 
clusters. 

 z We construct monthly hiring growth features for 
each of the minor groups (much like the Equation 
1 but only counting job hiring for positions within 
each group).

 z We build a hiring growth strategy for each of the 
position groups. This is sector neutral based on 
top/bottom 20% hiring growth.

 z At the beginning of each year, we select the 
minor group that results in the largest average 
portfolio size in the prior year for each sector. 
We consider this the most demanded position 
within the sector. If we obtain multiple positions 
after the portfolio size filter, we choose the 
position with the highest Information Ratio that 
year.6

 z We aggregate the selected strategies for each 
sector into a final portfolio.

-0.5 00 .5 1.0

Electronic Technology
Transportation

Technology Services
Health Services

Health Technology
Commercial Services

Communications

Utilities
Industrial Services

Retail Trade
Consumer Services
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Energy Minerals
Finance

Consumer Durables

Distribution Services
Producer Manufacturing

Consumer Non-
Non-Energy Minerals

FIGURE 8:   Information Ratio for raw hiring growth strategies 
by sector for the U.S. mid/large-cap universe, from April 2014 
through August 2022. Source: RavenPack, October 2022
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The final strategy is based on the daily top/bottom 
20% company selection for hiring growth in specific 
positions for each sector. The strategy is sector-neu-
tral and rebalanced daily. FIGURE 9 shows the perfor-
mance comparison between the overall hiring growth 
strategy (“Total Growth”) and the hiring growth strate-
gy selecting the most demanded position group (“Top 
position growth”). The most demanded positions strat-
egy exhibits enhanced robustness over time and deliv-
ers a significant improvement in performance, with an 
Information Ratio of 1.43 (versus 0.89), and Annualized 
Returns of 3.01% (versus 1.96%). 

In certain sectors, the top positions selected are quite 
stable. For example, “Computer Occupations” are con-
sistently selected in the Technology Services sector 
while “Engineers” are always selected in Producer Man-
ufacturing. “Financial Specialists” are selected about 
90% of the time in the Finance sector. The strategy’s 
outperformance relative to the overall hiring growth 
strategy is likely due to the most common positions 
being associated with core business operations.

Raw Growth

Top Position Growth

-10%

0%

10%

20%

30%

Jan 2016 Jan 2018 Jan 2020 Jan 2022

FIGURE 9:   Cumulative log returns of most demanded hiring 
growth strategy for the U.S. mid/large-cap universe, from April 
2014 through August 2022. Source: RavenPack, October 2022



  Alpha Generation from Job Analytics

12
For Terms of Use and Disclaimer, please check at the end of this document

FIGURE 10:  Distributions of top soft skills across three different position groups based on job postings from January 2022 through June 
2022. Source: RavenPack, October 2022

6. Skills similarity

Hiring positions data can provide insights into busi-
ness strategy. A shift in corporate strategy can result 
in a change to the employment structure and conse-
quently lead to new hiring patterns that can be ob-
served when analyzing positions data. For example, 
a company may shift from a focus on research and 
development to a focus on revenue growth and con-
sequently increase its sales and marketing staff. Or, 
it may undergo structural changes requiring more 
HR-related and managerial roles. We may not always 
successfully identify these changes if the analysis is 
based on a specific position taxonomy, however. One 
reason for this is that job titles sometimes change 
while duties remain similar. For example, it is common 
to use trending job titles (e.g. “Data Scientist”) that 
do not reflect the real nature of the position (e.g. a 

sales person with some technical knowledge). There-
fore, job positions can cause a composition change in 
hiring but may not reflect a genuine shift in corporate 
strategy. Occasionally, they may also miss real chang-
es. Here, we propose an alternative way to identify the 
hiring composition changes using skills detected in 
the text of job postings.

Ravenpack Job Analytics powered by LinkUp includes 
valuable information extracted from job descriptions, 
including the required skills, and therefore provides 
more detailed insights into the real nature of each po-
sition. In particular, we put our focus into the Soft Skills 
that we detect within the job description. We could 
also include hard skills, such as technology skills, in 
the analysis; however, we are aiming for a coarse job 
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classification that enables us to identify broad busi-
ness changes and we want to avoid focusing on very 
specific skills. Companies often use new technolo-
gies, but this doesn’t necessarily mean there has been 
any underlying business change (for example, new 
programming languages or cloud services becoming 
trending). 

Soft skills reflect more general abilities such as inno-
vation, communication skills, and leadership. By con-
trast, hard skills are more specific in nature (technical 
and technology skills). There are only around 100 soft 
skills, compared to 2,000 hard skills. However, even 
with a smaller, more stable composition, soft skills 
represent about 50% of the total volume of skills de-
tected. Given their coverage and stability, soft skills 
are ideal to evaluate broad hiring position changes.

The most frequently mentioned soft skills are “com-
munication skills” and “customer service”. However, 
due to the different nature of positions, the compo-
sition of desired soft skills can be quite different. For 
example, the top soft skills within architecture and en-
gineering are “innovation” and “communication skills”, 
while in sales and related occupations they are “cus-
tomer service” and “merchandising”. These different 
distributions offer an alternative way to cluster posi-
tions and identify different hiring trends. 

FIGURE 10 shows the distribution of top soft skills 
for three different position groups. The distributions 
of the first two groups (Architecture and Engineering, 
Computer and Mathematical) are quite similar, while 
the third group is meaningfully different. This is ex-
pected as the first two position groups are more re-
search oriented, and therefore require innovation and 
problem solving skills. These skills are less represent-
ed in sales-related occupations. 

We evaluate changes in the soft skills required over 
time using the same similarity metrics we used for 
locations (Equation 2). Given that we are assessing 
slower scale business changes, in line with the slow-
er moving distributions of soft skills, we use quarter-

ly aggregates for the soft skills vector and measure 
changes year over year (the most recent 90 days ver-
sus the same period in the previous year).

If {Nk,f (t)}f  represents a vector of volumes for all soft 
skills f, where volume is the number of job postings 
from company k where we detected each skill on day 
t (if the company is not hiring for a given soft skill, the 
corresponding vector dimension is equal to zero); the 
quarterly aggregates are:

 
__
NFk(t)≡{Σ

Δ=0

-89

Nk,f (t –Δ)}f
.

 then the cosine similarity between current and previ-
ous year’s skills vector is calculated as:

Skills Similarityk(t)=     
 
___

NFk(t) ⋅ 
___

NFk(t–365)	
                            ___

| NFk(t)| × | 
___
NFk(t–365)|

Based on the daily ranking of this similarity metric, 
we go long the top 20% companies and short the bot-
tom 20% companies in each sector, constructing sec-
tor-neutral portfolios within the U.S. mid/large-cap 
universe. FIGURE 11 shows the cumulative log returns 
of this strategy from April 2014 to August 2022. Annu-
alized Returns are 1.88% while the Information Ratio 
is 0.86. Notably, turnover is only 3.72%, even with daily 
rebalancing, which leads to effective holding periods 
of more than one month. 
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FIGURE 11:   Cumulative log returns of the soft skills strategy for 
the U.S. mid/large-cap universe, from April 2014 through August 
2022. Source: RavenPack, October 2022
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7. Human capital & job requirements

SChultz (1960) argues that economic growth can only 
occur if physical capital and human capital rise together, 
and that human capital is the factor most likely to lim-
it growth. Corporations also require both physical cap-
ital and human capital in order to prosper. The modern 
human capital theory focuses on a worker’s experience 
and skills, including factors such as education, training, 
intelligence, skills, and loyalty. oztuRk (2008) found that 
education raises both productivity and creativity, while 
promoting entrepreneurship and technological advanc-
es. Although it is difficult to accurately value the human 
capital of an organization, we try to build an approxima-
tion by assessing the requirements embedded within the 
job descriptions. 

We find evidence that higher requirements for education 
is an indicator of better future performance:

 z Companies with higher hiring growth in positions re-
quiring a Bachelor’s degree (or higher) outperform 
others within the same sector. A strategy that goes 
long the top 20% companies with higher growth in 
these positions and short the bottom 20%, mea-
sured month to month, yields a portfolio with An-
nualized Returns of 1.64% and an Information Ratio 
of 0.79.

 z Additionally, hiring more PhD-level candidates is a 
positive signal. A strategy that goes long the top 20% 
companies with a higher percentage of PhD-level 
requirements over the previous month and shorts 
the bottom 20% delivers a portfolio with Annualized 
Returns of 1.85%  and an Information Ratio of 0.76.

The education level only looks at the candidates’ abilities 
from a single perspective. We could use other themes 
within the qualifications group in the RavenPack Jobs 
taxonomy to obtain a more complete overview of can-
didate requirements (qualifications contain six different 
themes, as shown in FIGURE 3).

If every single term under the qualifications topic rep-
resents a desirable asset, then the unique qualification 
count is an approximation of the overall requirement 

level for the candidates, and an estimation of the future 
employee value. Based on this assumption, we employ 
the following strategy:

 z First, we count the unique terms within the qualifi-
cations taxonomy group for each company, using a 
monthly rolling window (30 days). This is an aggre-
gate for all jobs being posted by that company over 
that period.

 z We then construct a month-over-month change sig-
nal, as the net change in the current count relative 
to 30 days prior. A positive change means that the 
total qualification bar has increased compared to 
the past, as has future employee value. 

 z With this net count change, we go long the top 20% 
companies and short the bottom 20% within each 
sector, constructing a sector-neutral portfolio within 
the U.S. mid/large-cap universe.

Following these steps, the resulting portfolio delivers 
an Information Ratio of 1.07, with Annualized Returns 
of 2.01%, as depicted in FIGURE 12. The way we measure 
qualification growth is affected by the increases in hiring, 
as it is more likely that a growing company will also be 
hiring for a wider set of qualifications. Therefore, it is un-
surprising that such a strategy is fairly correlated to raw 
hiring growth. There likely are better ways to disentangle 
these effects. For example, we could normalize the qual-
ification count based on the total number of postings. 
However, we will leave this for future research.
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FIGURE 12:   Cumulative log returns of the qualifications change 
strategy for U.S. mid/large-cap universe, from April 2006 
through August 2022. Source: RavenPack, October 2022
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8. Combined strategy

7 To do this, we simply average the allocations of the four strategies, followed by a daily cross-sectional rescaling to ensure 50% long and 50% short 
exposure (otherwise we may be slightly underallocated due to strategies sometimes trading in opposite directions).

8 We employ an in-house risk-factor model that uses an exponentially-weighted least squares dynamic regression of 10 common factors (Growth, Qual-
ity, Yield, Profitability, Investment, Market, Low Vol, Low Size, Momentum and Value). The raw vs adjusted comparison is carried out from December 
2008 to September 2021. 

So far we have introduced four main strategies using 
information on hiring growth, location similarity, most 
demanded positions, soft skills similarity, and unique 
change in qualifications. The corresponding cumu-
lative log returns are shown in FIGURE 13. While the 
qualifications strategy exhibits similar performance 
to the hiring growth strategy due to similar aggrega-
tion windows and the analogous underlying nature 
between them, we find a relatively low correlation be-
tween the rest. Indeed, the soft skills similarity strat-
egy exhibits moderately negative correlation with the 
others in recent years, especially during the 2020 coro-
navirus outbreak and the second half of 2021. 

Given the orthogonality between the different signals, 
we combine all strategies equally to form the final 
portfolio.7 Predictably, the combined strategy has a 
higher Information Ratio of 1.67 along with Annualized 
Returns of 2.93%.

To further investigate the signal decay, we apply dif-
ferent moving average windows to constrain the turn-
over (applied directly to the final strategy allocations). 
FIGURE 14 shows the cumulative log returns of the fi-
nal strategy across different effective holding periods. 
The portfolios deliver consistent value over the whole 
period with a relatively low decay. TABLE 1 summariz-
es the main performance statistics across different 
smoothing windows. With an effective holding period 
of two weeks, the strategy delivers an Information Ra-
tio of 1.64 with Annualized Returns of 2.73%. 

To examine the alpha profile of our strategies, we eval-
uate the portfolios using a traditional risk factor mod-
el.8 As shown in TABLE 2, we observe low factor expo-
sures when adjusting for the contribution attributed 
to traditional factors. The resulting adjusted perfor-
mance is very similar to that of the original strategies 

FIGURE 13:   Cumulative log returns of all strategies for the U.S. 
mid/large-cap universe, from April 2014 through August 2022. 
Source: RavenPack, October 2022

FIGURE 14:   Cumulative log returns of the combined strategy 
across different smoothing windows, resulting in different 
holding periods. Source: RavenPack, October 2022
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across different trading horizons, demonstrating that 
RavenPack Job Analytics signals are a source of robust 
alpha generation (see more details on factor exposure 
in APPENDIX B). Moreover, the results indicate that 
controlling for traditional factors can improve perfor-
mance by lowering volatility and thereby improving 
the Information Ratios.

Smoothing 
Window

Annualized 
Returns 

(%)

Information 
Ratio

Portfolio 
Size

Turn-
over(%)

Effective 
Holding 
Period 
(days)

1 2.97 1.67 588 16.8 5

4 2.93 1.67 709 8.9 11

8 2.47 1.42 735 6.5 15

20 1.84 1.05 764 4.6 21

TABLE 1:   Performance of final combined strategy with different 
smoothing windows, from April 2014 through August 2022.
Source: RavenPack, October 2022

Effective 
Holding 
Period 
(days)

Annualized Returns Information Ratio

Raw Factor- 
Adjusted Raw Factor- 

Adjusted

5 2.93% 2.46% 1.58 1.61

11 2.83% 2.23% 1.55 1.51

15 2.39% 1.92% 1.32 1.23

21 1.86% 1.36% 1.02 0.89

TABLE 2:   Comparison of actual versus risk-adjusted 
performance for the final combined strategy across several 
holding periods. Results from April 2015 through August 2022. 
Source: RavenPack, October 2022
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9. Conclusions

In this study, we showcased the capabilities of 
RavenPack Job Analytics powered by LinkUp by 
demonstrating how to construct different strategies 
using information contained in job postings. The 
strategies exhibit robust performance across different 
trading horizons, ranging from days up to one month. 

We began by building a simple strategy based on the 
monthly growth of job openings. We then showed how 
companies with higher growth that hire in similar lo-
cations outperformed their peers. The resulting Annu-
alized Returns and Information Ratios increased from 
1.96% to 2.85% and from 0.89 to 1.09 respectively.

Next, we proposed a systematic way to select the most 
demanded positions for each sector. With this, we con-
structed a more targeted hiring growth strategy, which 
generated Annualized Returns of 3.01% and an Infor-
mation Ratio of 1.43. 

We found that soft skills mentioned in job descrip-
tions reveal valuable information in relation to the 
composition of hiring positions. Companies with an 
unstable distribution of soft skills – indicating chang-
es in company structure or business strategy – under-
performed sector peers. A trading strategy based on 

the distributional similarity of soft skills delivered an 
Information Ratio of 0.86, with effective holding peri-
ods longer than a month.

Education is important in human capital valuation. 
We found that companies with a larger number of job 
openings requiring PhD-level, or more hiring growth 
requesting Bachelor’s degree or higher education lev-
els, outperformed peers within the same sector. Both 
strategies delivered Information Ratios above 0.7. Us-
ing the full qualifications taxonomy, we were able to 
evaluate candidates’ ability more comprehensively. 
We proposed a simple count of distinct qualifications 
as a way to reflect the quality of candidates and ap-
proximate a company’s future employee value. The 
strategy based on the net change in qualifications 
delivered an Information Ratio of 1.07 and Annualized 
Returns of 2.01%.

Finally, we took advantage of the significant orthog-
onality between the different strategies when com-
bined into a single portfolio. With an effective holding 
period of two weeks, the combined strategy delivered 
an Information Ratio of 1.67 and Annualized Returns of 
2.93%, with low traditional factor exposures across all 
trading horizons.
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Appendix A

9 We employ an in-house risk-factor model that uses an exponentially-weighted least squares dynamic regression of 10 common factors (Figure 16). 
The raw vs adjusted comparison is carried out from April 2015 to August 2022.

In addition to the top/bottom 20% selection used for 
the paper results, we also test our strategies based on 
different top/bottom percentages (we keep a single 
threshold; however, we could also consider asymmet-
ric behavior). Performance is robust across different 
percentiles. The optimal selection, given the signal 
strength (for higher thresholds) and portfolio breath 
(for lower thresholds) trade-offs, may depend on the 
actual use case.

Appendix B

The final combined strategy exhibits low correlation 
across traditional factors.9 FIGURE 16 shows the levels 
of exposure over the 10 common factors included in 
our model across different effective holding periods. 

The average exposure is mostly bound within the 10% 
range, with sporadic observed values of around 20% at 
the two-sigma level of significance.
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FIGURE 15:   Information Ratio of the final combined strategy 
using different percentage thresholds when selecting top/
bottom companies. Source: RavenPack, October 2022
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FIGURE 16:   Average factor exposures of the final combined strategy across different effective holding periods. The bars indicate a two-
sigma interval of confidence for daily exposures. Source: RavenPack, October 2022
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