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Abstract

This paper examines technology adoption and individual career progression of
technically-skilled employees in the banking sector. We leverage detailed employer-
employee data on individual worker skills to capture (i) the technical skills of each em-
ployee, (ii) firm-level technical capital, and (iii) a novel methodology to systematically
measure vintages of technical skills, differentiating older technical skills (e.g., Fortran)
from newer technical skills (e.g., Python). Banks dramatically increase their technol-
ogy investments during the 2010s, with an average bank’s technical capital growing by
84%. This increase is ubiquitous across bank size, deposits, and loan portfolio compo-
sition. At the individual level, we document a significant difference between employees
with modern technical skills and those with outdated technical skills. Having modern
technical skills in 2015 decreases the likelihood of adverse career outcomes (such as job
separations accompanied by demotions) by 2020 by 2.7%. These effects are especially
pronounced for older workers. For employees over 40, having modern technical skills
reduces the probability of job separations with demotions by 3.9%. These results high-
light the interaction between employee age and skill vintage, with important policy
implications for workforce reskilling in the face of advancing new technologies.
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1 Introduction

Advances in technology are major drivers of both firm performance and workforce changes.
In recent years, technological advances including aumation and artificial intelligence (AI)
have lead to changes in workforce composition (Babina et al., 2023), increases in firm valu-
ations (Fisfeldt et al., 2023), and brings productivity improvements in certain tasks (Bryn-
jolfsson et al., 2023). At the same time, technical skills can become over-hyped due to fads
(Fedyk and Hodson, 2023b), and recent technological waves have potentially put at risk

more high-skilled and even technically-skilled labor.*

Our paper takes a granular look at
investment into technically-skilled employees in an important knowledge economy sector—
banking—and offers a novel perspective on the types of technical skills that insulate workers
from displacement over time.

We document a ubiquitous increase in technical workforces across banks, where char-
acteristics such as size and loan portfolio composition are associated with more technical
workforces both at the beginning and the end of the sample, but all banks experience similar
changes over time. Looking at individual employees, we find that an important predictor
of their success is not so much the presence of technical skills as its vintage. Employees
with older technical skills are much more likely to become obsolete (face job separations
and demotions), while employees with new technical skills are insulated from these effects.
Finally, we uncover an important interaction between the age (vintage) of technical skills
and the age of the employee: the importance of modern skills is, empirically, far greater for
older workers than for younger ones.

The setting we focus on—financial services, and specifically banking—has several ad-

vantages. First, finance is predominantly service-oriented and comprised of white-collar

jobs, making it an ideal setting to capture displacement of white-collar workers in the mod-

'Much of the prior literature has focused on the effects of automation technologies, such as robotics, on
menial labor and blue-collar workers in industries such as manufacturing (Acemoglu and Restrepo, 2020;
Benmelech and Zator, 2022). Less is known about the impact of technology on high-skilled white-collar
labor.



ern knowledge economy. Second, banks have been among the first sectors to adopt new
technologies such as artificial intelligence (AI) within the workforce, making them an early
adopter where we can observe more long-standing effects. Empirically, there is still limited
systematic evidence on the effects of new technology waves on the banking sector. Crosman
(2018) suggests that the majority of bankers, especially those beyond entry-level positions,
are not worried about replacement, and Jaksi¢ and Marin¢ (2018) posit that the intrinsic
relationship nature of banking will make it difficult for human bankers to be completely
replaced by technology. Kaya (2019) warns of the major impacts of technologies such as Al
in banking but points out the difficulty of quantifying technology adoption within banks,
and Seamans and Raj (2018) and Frank et al. (2019) further highlight the lack of readily
available firm-level datasets.

We overcome previous data limitations by taking advantage of detailed employer-employee
matched data, from which we can identify both: (i) a variety of technical skills and (ii)
granular shifts in labor composition. Our primary dataset comes from Cognism, Inc., a
firm specializing in client relationship management, which tracks individual companies and
employees, offering granular information on approximately half a billion individual employ-
ees. Using these data, we are able to match more than half of all U.S. bank employees in
2020. We supplement this dataset with a second data captured back in 2015 and utilized
in (Mukharlyamov, 2022). This allows us to track the same workers in both 2020 and 2015
and observe how individual workers’ subsequent career progressions depend on their starting
skills back in 2015.

We introduce two novel measures of technical skill: (i) its level (advanced coding, basic
coding, and off-the-shelf software use) and (ii) its vintage (modern vs. outdated). For the
first measure, we manually classify the most frequent skills into one of four categories: (i)
not technical (this includes skills such as management, teamwork, and PowerPoint); (ii)
using off-the-shelf software (e.g., business intelligence tools or Microsoft Fxcel); (iii) basic

coding (e.g., skills in Visual Basic .NET or linear regression); and (iv) advanced coding (i.e.,



knowledge of C++, Java, Python, etc.). For the second measure (skill novelty), we leverage
data from Google Trends to identify which skills are increasing in coverage and popularity,
and which are on the decline. For each technical skill reported by employees in 2015, we
compare Google searches for that skill during the years 2010-2015 against Google searches
for that skill during the years 2004-2009, taking the relative increase. Skills in the top
quartile of the distribution based on this increase are labeled as “modern technical skills,”
whereas skills in the bottom quartile are deemed to be “old technical skills.” For example,
Android, Cloud Computing, Git, jQuery, and SSRS are identified as modern technical skills
based on our measure, while COBOL, HTML, Linux, Perl, and VBScript are identified as
old technical skills.

Our measure of vintages of technical skills is new in the literature on technological change.
The literature has examined which tasks are most susceptible to automation. A substantial
body of work has examined skill-biased technological change (Autor et al., 1998; Acemoglu,
2011). Others have studied diffusion of various technologies (Bloom et al., forthcoming),
identified high-value and breakthrough technologies (Kogan et al., 2017; Kelly et al., 2021),
and measured the varying effects from technological change on workers of different skills,
educational backgrounds, and seniority (Babina et al., 2023). Yet the vintage of employee
skills—its novelty, or staleness—is an important aspect of labor resilience that has been
understudied in the past. Our paper proposes a direct measure of skill vintage and find it
to be an important determinant of employees’ career outcomes, which interacts with other
characteristics such as employee age.

Our first empirical contribution is to provide a characterization of technical employees
across banks. We show that employees with technical skills tend to be younger (median
birth year in 1982 among those with at least some advanced coding abilities, compared
to 1979 for those with all non-technical sills). At the same time, technical employees are
more educated, with 28.2% (4.7%) of employees with advanced coding skills holding masters

(doctorate) degrees, compared to only 11.9% (3.8%) of those without technical skills. In



terms of educational specialization, the vast majority (80.2%) of employees with advanced
coding skills hold STEM degrees, with most having at least one degree in computer science
(45.6%) or engineering (36.8%). Employees with advanced coding skills are also more likely
to hold degrees from elite education institutions (top one hundred schools from the U.S.
News & World Report), with 15.2% (6.2%) of them holding a bachelors (masters) degree
from an elite institution, compared to 10.4% (1.6%) of employees without technical skills.

We supplement the descriptive analysis of banks’ technical talent with time series trend
of the share of technical workers in banks over the course of the decade. There is a monotonic
increase in the share of technically-skilled employees hired in each year: for example, the
share of employees with advanced coding skills rises from 5.5% of those hired up-to-2010 to
11.3% of the cohort hired in 2015 to 16.3% of those hired in 2019 onward. The difference
from the first half of the decade (2015 and earlier) to the second half of the decade (2016
onward) is highlight statistically significant.

We next conduct a firm-level analysis to examine cross-sectional differences in the extent
to which different banks invest in technical workforces. We document that larger banks
have substantially higher shares of technically-skilled workers, and technical workforce is
strongly related to banks’ loan portfolio composition. For example, the median share of
employees with advanced coding skills is 15.5% at the largest banks (with over $1 trillion in
assets), halves to 7.2% in banks whose assets are between $100 billion and $1 trillion, declines
dramatically to 2.5% in medium-sized banks with $10-100 billion in assets, and drops to a
mere 1.6% (0%) in small banks with assets of $3-$10 billion (less than $3 billion). The pattern
is similar if we use deposits per branch as a measure of bank size instead of total assets.
In terms of loan portfolio composition, banks with higher shares of consumer loans tend to
employee substantially more technical workforces. For example, the average (median) share
of employees with advanced coding skills is 15.4% (2.5%) in the top quartile of banks based
on household-facing loans, compared to 9.5%-11.8% (1.3%—-1.8%) in the other four quartiles

of banks. In terms of changes over time, the increase in technical talent is ubiquitous across



bank size (asset), deposits per branch, and loan portfolio composition. Larger banks (and
banks with more consumer-facing loans) tend to hire more technical workers, but this seems
to be equally the case at the beginning of the decade and the end.

In the second part of our paper, we turn to the individual employee level data (including
the point-in-time skills from the 2015 data snapshot) in order to understand how employees’
existing skills impact their subsequent career progression. First, we document that modern
technical skills reported on employees resumes as of 2015 are associated with better career
progression from 2015 to 2020. the outcome variables we consider are promotions (increas-
ing seniority by at least one or at least two ranks), overall employer changes, and voluntary
versus involuntary employer changes (those accompanied by promotions vs. demotions). In
general, technical employees in banks have slower promotions than business-oriented em-
ployees, since the latter are the core function of financial institutions. However, employees
with modern technical skills do as well as business-oriented employees and much better than
their counterparts with outdated technical skills.

Second, zooming in specifically involuntary separations (with demotions) of technically-
skilled employees, we document an interesting complementarity between skill vintage and
employee age. In the overall sample (not sliced by age), employees with modern technical
skills (those in the top quartile of the distribution based on their average skill novelty) are
2.74% (1.19%) less likely to experience a job separation accompanied by a demotion of at
least one rank (two ranks), compared to employees with middling-vintage technical skills.
On the other hand, employees with the most outdated skills (the bottom quartile based on
average skill novelty) are 0.50% (0.68%) more likely to experience job changes with demotions
of at least one rank (two ranks) than employees with technical skills of middling vintage.
This pattern is starker for older employees: for example, the top quartile of modern skill
vintage is associated with a 1.43% reduction in job separations with demotions of at least
one rank among employees under 33, 2.55% reduction among employees aged 33-40, and

3.92% reduction among employees aged over 40. We find similar effects when we focus the



sample on those banks that have layoffs (e.g., headcount reduction of 10% of more).

The importance of skill novelty and its relationship with employee age is specific to
technical skills. When we repeat the analysis with soft skills, we do not observe the same
patterns. In fact, more modern soft skills are associated with worse career progressions,
as they tend to be more vague concepts (e.g., customer experience and multi-tasking) than
older-vintage soft skills (e.g., personnel management and public relations). There is also no
clear interaction between social skill vintage and employee age in jointly determining career
outcomes. The analysis of social skills serves as a useful counterpoint and placebo test for
our key results on modern technical skills.

Our paper contributes a novel angle to the long-standing literature on skill-biased tech-
nological change (Autor et al., 1998; Acemoglu, 2011) and the emerging literature on how
new technologies might impact high-skilled white collar workers, as opposed to the menial
workers affected by prior waves of automation (Grennan and Michaely, 2019; Fedyk et al.,
2022; Cao et al., 2024). Thanks to our measure of skill vintages, we are able to speak to
the importance of upskilling even within a skill category (modern technical skills vs. out-
dated technical skills) and the complementarity between skill age and employee age. As a
result, our approach and findings have important implications for policy regarding workforce
upskilling in the face of firms’ technology adoption: the most important aspect is to keep
technical workers up to date on modern technology, while less time-sensitive skills such as
social skills are less dependent on novelty.

The remainder of the paper proceeds as follows. We describe the data in Section 2. Sec-
tion 3 describes our novel measures of skill levels and vintages. Section 4 presents descriptive
statistics on technical employees in the financial services industry and analyzes how the com-
position of banks” human capital changed over time, including how investments in technology
vary across banks. Section 5 presents out main empirical analysis relating employee-level
career progressions to technical skills, skill novelty, and the interaction between skill vintage

and employee age. Section 6 concludes.



2 Data

We provide a description of our matched employer-employee data, outline the steps we
take to match these data to auxiliary datasets such as Call Reports, and detail additional

datasets used in the analysis, including Google Trends data.

2.1 Individual Employee Data

We identify and track individual bank employees using two datasets: (i) a snapshot of
resumes of bank employees in 2020 and (ii) a snapshot of LinkedIn profiles of bank employees
in 2015. We use the former dataset to examine the changes in banks’ hiring from 2010 to
2020. We use the latter dataset to investigate how individual-level outcomes in later years
vary based on employees’ skills back in 2015.

The 2020 dataset comes from a unique archive of approximately 490 million individual
resumes provided by Cognism, a platform for sales leads and customer relationship manage-
ment. Cognism compiles its dataset from third party partnerships, partner organizations,
and publicly available online profiles.? The 2015 dataset was collected directly from LinkedIn
back in 2015 following the procedure in Mukharlyamov (2022). We pair the two snapshots
(from 2015 and 2020) by matching on identifiers such as the URL of each employee’s online
profile.

For each person in the data, we observe education and employment history, as well as
self-reported skills, patents, publications, awards, certifications, and other information that
the person chose to include on their resume. For each job reported by the person, we observe
the name of the employer, job title and description, and start and end dates. Education and
employment data are processed to identify granular information including types of degree
and majors (for education records) and department and seniority (for employment records).
The data also include the individual’s gender and an approximate age derived from the

individual’s education history. Cognism has procedures to identify the relative seniority

2For more detail on the Cognism resume data, please refer to Fedyk and Hodson (2023b).



of each individual at each point in time (Fedyk et al., 2022; Fedyk and Hodson, 2023a;
Babina et al., 2023; Fedyk et al., 2024). The seniority markers are identified from the job
titles, using a machine learning model trained on 20,000 manually-classified job titles, and
designate six categories corresponding to entry-level positions (level 1), single contributors
(level 2), team leads (level 3), middle managers (level 5), heads of regional offices or specific
divisions (level 5), and company-level leadership positions (level 6). The seniority markers
allow us to measure individual-level outcomes such as demotions and promotions.

Our final sample is constructed as follows. We identify the 500 largest bank holding
companies (BHCs) by assets as of 2020. We then look up the commercial banks (CBs) that
are subsidiaries of these BHCs. To this end, we use Call Reports and identify CBs that report
one of the Top-500 BHCs as their financial high holder. We supplement this classification
with the pairing of CBs and BHCs in the FDIC’s summary of deposits. For each bank,
we identify various ways in which an employee could list that bank (either the BHC or a
subsidiary CB) name on their resume, including abbreviations and subsidiaries. We retrieve
from Cognism the resumes of people who reported working at the identified set of banks at
any point from 2010 to 2020.> We then narrow down this sample to avoid false matches,
since a company name does not always uniquely identify a bank, some banks in the U.S.
have similar names, and Cognism might not assign different numeric IDs to organizations
with the same name. In particular, we keep only those banks where the by-state distribution
of deposits from the FDIC’s summary of deposits resembles the by-state distribution of
employees as reported in Cognism’s data. Finally, each pair of resulting candidate matches
is reviewed manually, correcting any erroneous matches. These steps leave us with 1,854,928
resumes of people (1,456,060 of them were employed at 479 BHCs in 2015; 1,147,849—at

446 BHCs in 2020).* This covers approximately 53% of all employees of these BHCs based

3We match company names listed in Cognism resumes to the banks by calculating the Levenshtein
distance between every potential pair of names.

4The number of employees used in the regressions will be lower, because not all employees report skills or
list educational majors—when a relevant variable is missing, we drop the observation from the corresponding
analysis.



on employment numbers in the Call Reports.

The above matching is based on resumes as of 2020. Some resume information, such as
job history and education, comes with date stamps. However, information on skills tends not
to be dated. In order to investigate how subsequent career trajectories of banking employees
vary with their skill portfolios, we match the 2020 resume dataset to the 2015 resume dataset,
leading to a set of 235,979 individuals whose skills we got to observe back in 2015 (point-
in-time using the 2015 dataset) and whose career trajectories we were then able to track to

2020 (using the 2020 dataset).

2.2 Other Data

We download financial information from the banks’ Call Reports. Specifically, we consider
banks’ total assets, deposits per branch, the share of household-facing loans (calculated as
the sum of residential real estate loans and consumer loans scaled by total loans), the share
of nonresidential real estate loans (the share of loans secured by non-farm nonresidential
properties; construction, land development, and other land loans; and loans secured by
farmland scaled by total loans), and the share of commercial and industrial loans (commercial
and industrial loans scaled by total loans). In order to evaluate the novelty of specific
technical skills in the individual resume data, we access Google Trends data from 2004 to
2015. The Google Trends data end in 2015, since that is the point at which we measure ex

ante employee skills to track subsequent career outcomes.

3 Technology Measures and Descriptive Statistics

In this section, we present our measures of technology at three levels: (i) technical clas-
sification of skills, (ii) technical classification of employees, and (iii) technical upskilling at

banks (at the firm-level). We also introduce our measure of technology vintage in Subsection

3.2.
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3.1 Classification of Technical Skills

We begin with the full list of self-reported skills that appear in the resumes of bank
employees (a total of over 39,000 skills). We rank these skills in order of frequency and
restrict our attention to those skills that appear in at least 100 individual resumes (a total
of 1,033 individual skills). We manually categorize each of these 1,033 most frequent skills

into four categories:

e Non-technical skills. This set covers 385 of the most frequent skills and includes

terms such as leadership, strategic planning, and advertising.

e Software use. This set consists of 282 skills that indicate sufficient technical famil-
iarity to use off-the-shelf software tools. For example, the skills Dreamweaver, HP

Quicktest Professional, web analytics, SAP, and Microsoft Exzcel fall in this category.

e Basic coding. This set includes 318 skills that are technical but do not necessi-
tate extensive knowledge of programming, such as data analysis (e.g, the skill linear

regression) and assisted programming environments (e.g., the skill visual basic .NET).

e Advanced coding. This set consists of 48 actual programming languages, encom-

passing individual skills such as C++, C, and Python.

3.2 Technology Vintages

For each technical skill (i.e., skills in the “software use,” “basic coding,” and “advanced
coding” categories), we also consider whether the skill is relatively new (e.g., Python) or
older and potentially obsolete (e.g., Fortran).

We measure skill vintages using Google Trends. Specifically, we observe the incidence
of Google searches corresponding to each skill in the 2015 dataset and divide the average
incidence during the years 2010-2015 by the average incidence during the years 2004-2009.

This gives a growth multiple for each skill. The novelty score of each skill is the percentile

11



(from 0 to 1) of that skill’s growth multiple in the distribution of growth multiples across all
technical skills. Skills with no captured Google searches in 2004-2009 are assigned the top
percentile. Finally, our discrete measure of “modern skills” is an indicator variable equal to
one for skills in the top quartile of the distribution of novelty scores based on Google Trends,
and zero otherwise. Similarly, the indicator “old skills” is equal to one for the bottom quartile
of the distribution of novelty scores based on Google Trends, and zero otherwise.

The vintages of employees’ technical skills proposed in this paper offer a novel measure
in the literature. Much has been said about the importance of technical skills for firms and
workers, and about the displacement of human labor with technology. However, there is little
empirical investigation of the interaction between technology and potential displacement:
how not all technical skills are the same, and even technically-skilled employees may be
at risk of displacement—if their skills are outdated. We compute the vintages for the 670
technical skills in the data, as well as for soft skills, which we use as a placebo comparison
set. The 2,840 soft skills are identified from the top 10,000 skills listed on individual 2015
resumes using generative Al (specifically, OpenAI's GPT4 model).?

Panel A of Table 1 shows the association between the novelty of the technical skills and
employee age. Younger employees tend to have more modern technical skills. For example,
employees under 25 have technical skills with an average novelty score of 0.51, compared to
0.49 for employees aged between 31 and 35 and 0.46 for those aged over 50. Panel B of Table
1 shows the association between the novelty of employees’ technical skills and bank size.

There is no strong association between bank size and the novelty of employees’ technical

skills.

3.3 Technical Employees

After classifying each skill as described above, we next classify each individual employee—

based on the skills listed on that employee’s profile.

°For the use of generative Al to tag data, see Eisfeldt et al. (2023) and Kakhbod et al. (2024), among
others.
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First, we assign each employee a binary classification for each type of technical skill.
Specifically, AdvancedCoding; is an indicator variable equal to one if employee i has at least
one advanced coding skill. Thus, someone who reports both leadership and C++ would
be classified as having advanced coding capability. Similarly, BasicCoding; is an indicator
variable equal to one if employee i has at least one basic coding skill (e.g., visual basic).
The indicator variable Software; is equal to one if employee i is able to use at least one
off-the-shelf software, for example, the Bloomberg terminal.

Second, we consider the vintages of each employee’s technical skills and construct two
indicator variables. ModernCoding; is set to one if employee ¢ has at least one coding skill
(either basic or advanced) that is considered modern based on Google Trends. Similarly,
ModernSoftware; is equal to one if employee 7 is able to use at least one modern off-the-
shelf software tool.

Third, we construct technical skill variables that combine the advanced coding, basic
coding, and software categories. C'oding; is set to one for any employee ¢ with either at least
one advanced coding skill or at least one basic coding skill. Tech Capital (a) is the sum
of the indicators AdvancedCoding;, BasicCoding;, and Software;. Tech Capital (b) gives
more weight to more advanced technical skills and ranges in value from 0 to 6, computed as
follows: AdvancedCoding; x 3 + BasicCoding; x 2 + Software;.

Finally, for each individual employee we also consider their college major (three indi-
cators for whether the employee has a degree in STEM, Humanities, or Social Sciences),
whether the employee has a college degree, whether the employee has at least one graduate
degree (Masters, J.D., or Ph.D.), and whether the employee has any degree from a Top-100
University according to the US News & World Report. We also compute each employee’s
tenure and seniority (on a scale of six levels from entry-level to senior leadership) at the
employee’s current job at each point in time.

Table 2 presents the descriptive statistics of bank employees and their technical skills

across age and educational attainment. Panel A shows the age profile of employees in each
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skill category. Technical employees tend to be younger than non-technical employees, with
employees who know at least one advanced programming language being, on average, 3.5
years younger than employees with no technical skills at all.

Technically-skilled employees also tend to hold more technical and more advanced educa-
tional degrees. Panels B and C of Table 2 consider educational attainment, with breakdowns
across degree types and majors, respectively. Employees with advanced coding capabilities
are the most likely to hold both Doctorate and Masters degrees, as can be seen from Panel B.
For example, the incidence of (non-MBA) Masters degrees is 28.2% among advanced coding
employees, compared to 18.4% among employees with basic coding skills, 14.0% among em-
ployees who only use off-the-shelf software tools, and 11.9% among non-technical employees.

Technically-skilled employees are also more likely to hold degrees in technical fields, as
shown in Panel C. Accounting for multiple majors, 80.2% of employees with advanced coding
skills hold at least one STEM degree, compared to 32.7% of employees with basic coding
skills, 15.0% of employees with only off-the-shelf software skills, and 9.4% of nontechnical
employees. The majority of these STEM degrees are specifically in Computer Science (45.6%
of advanced coding employees hold at least one degree with a C.S. major), followed by
Engineering (36.8% of advanced coding employees hold at least one Engineering degree).

Finally, technical employees are more likely to graduate from prestigious institutions.
Panel D of Table 2 shows that 20.8% of employees with advanced coding skills have at least
one degree from an institution ranked in the top 100 by the U.S. News & World Report,
compared to 17.6% of employees with basic coding skills, 14.2% of employees who use only

off-the-shelf software, and 13.0% of non-technical employees.

3.4 Firm-level Measures of Banks’ Technical Upskilling

To characterize technology adoption at the firm level, we consider all employees working
at bank j in year ¢t and compute the average value of each technical variable across those

employees. For binary variables (AdvancedCoding, BasicCoding, Software, and Coding)
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this corresponds to the proportion of employees at bank j at time ¢t who have at least one
skill from the corresponding category. For the variables Tech capital (a) and Tech capital
(b), the bank-level measure is the average of the employee-level measures.

Table 3 presents descriptive statistics of banks’ technical human capital and other bank
characteristics, measured in 2020. The bank-level variable Tech Hiring Intensity is computed
as the number of tech-skilled employees (all employees with advanced coding, basic coding,
or software skills) hired by the bank between 2016 and 2020, scaled by that bank’s 2020
headcount. For an average bank, around 39% of all employees have at least some technical
ability—either coding or software use. However, a much smaller share of bank employees,
only 3%, have advanced coding skills. The mean Tech Hiring Intensity is 22%, meaning
that for an average bank in the sample, almost a quarter of all employees in 2020 represent
newly hired employees from 2016 to 2020 with at least some technical skills. In terms of
educational backgrounds, the average bank has a majority of employees (77%) with business

degrees, followed by humanities (21%). Only 12% hold STEM degrees.°

4 Banks’ Technical Upskilling

We leverage our detailed data on individual bank employees’ technical abilities to provide
the first overview of technology investments in the banking sector. Below, we characterize
the shift in the technical composition of bank employees from 2010 to 2020 and then show

how this shift varies across bank characteristics such as size and loan portfolio.

4.1 Changes in Banks’ Employee Composition

Table 4 examines technical abilities of individuals who are employed at the banks at
the end of the sample period (2020) but were hired at different times. Panel A breaks

down the workforce by joining year (annual cohorts). The results show that the incidence

5These numbers add up to more than 100%, because some employees hold multiple majors that can span
several categories.
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of technical skills among employees monotonically increases over time. For example, only
15.7% of all employees hired in 2010 or earlier had any coding ability (either advanced or
basic), compared to 27.4% of those hired in 2015 and 35.2% of those hired in 2019 and later.
As aresult, Technical Capital (a) (the sum of the three technical abilities for each employee)
almost doubles from 0.60 up-to-2010 to 1.15 in 2019-onward, with an even starker increase
in Technical Capital (b), which weighs more advanced technical skills more heavily. This
increase in technical skill is accompanied by an increase in technical education: the fraction
of employees who hold at least one degree in a STEM field rises from 20.5% of those joining in
2010 or earlier to 27.0% of those hired in 2015, and then to 30.0% of those hired since 2019.
Interestingly, the rise in technical skills outpaces the rise in technical degrees, suggesting
that even employees who do not have formal technical education, such as a B.A. in science
or engineering, are becoming progressively more likely to have at least some coding abilities.

Panel B of Table 4 groups the joining dates into the earlier period (2015 or before) and
the later period (2016 onward) and evaluates the statistical significance of the differences.
Technical skills of employees hired from 2016 onward are significantly stronger than those
of the employees hired in 2015 or earlier, along all dimensions. For example, the difference
in coding abilities is 13.5% (a more than 50% relative increase over the baseline of 20.7% in
the early sample). Similarly, an additional 16.9% of employees joining in the later half of
the sample period have skills related to off-the-shelf software (a one-third relative increase
over the baseline of 46.9% of employees having such skills in the first half of the sample
period). Correspondingly, banks’ technical capital increases significantly from pre-2016 to
2016 onward. Technical Capital (a) increases from an average of 0.75 to 1.01, while Technical
Capital (b) increases from an average of 1.11 to 1.77. All of these changes are statistically

significant at the 1% level.
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4.2 Which Banks Invest in Technology?

While the banking sector in general has increased its technical workforce from 2010
to 2020, technical investments may be unevenly distributed across banks. We document
substantial heterogeneity in the presence of technical employees across bank size (assets),
deposits, and loan portfolio composition. However, the proportional changes in technical
human capital is similar across different banks. Thus, all banks roughly doubled their tech-
nical human capital from 2010 to 2020, but larger banks had more technical workforces to
begin with and hired more additional technical workers in absolute terms.

We begin by examining the heterogeneity in the composition of banks’ technical work-
forces at the end of the sample period in 2020. Table 5 Panel A shows the composition across
bank size. Larger banks have more technical employees. For example, among the six largest
banks (those with over a trillian dollars in assets), the average has 67.3% of the workforce
with at least some technical skills, compared to 57.7% in the average large bank (with assets
between $100 billion and $1 trillion), 41.0% at the average mid-sized bank ($10-100 billion in
assets), 39.6% at the average small bank ($3-10 billion in assets), and 34.9% at the average
smallest bank (below $3 billion in assets). The difference is even starker when we focus on
the highest level of technical ability. The average share of employees with advanced coding
skills declines from over 18.1% at the largest banks (with over $1 trillion in assets) to only
2.0% at the smallest banks (below $3 billion in assets).

Overall, large banks are substantially more likely to have technical human capital than
small banks. This is consistent with prior evidence on specialized technological investments
such as artificial intelligence concentrating in large firms Babina et al. (2023). Our novel
classification of all technical talent (advanced coding, basic coding, and users of off-the-shelf
tools) allows us to provide a more granular overview of varied investments by firm size. While
large banks invest more in all types of technical expertise, the difference is most pronounced
for the most advanced technical category, with a six-fold increase in the share of advanced

coding employees from the smallest to the largest banks.
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Panel B of Table 5 considers the fraction of deposits to the number of branches, docu-
menting that banks with higher deposits-per-branch tend to have more technical workforces.
Intuitively, technology enables banks to attract and manage the same amount of deposits
using fewer branches. We slice banks into quintiles based on deposits per branch and docu-
ment that the share of all employees who have have at least some technical skills grows from
an average of 35.0% in the bottom quintile of banks by deposits to 50.1% in the top quintile.
Similarly, the share of employees with advanced coding skills grows from 1.8% in the bottom
quintile of banks based on deposits to 6.9% in the top quintile. Most of the increase is due
to the top quintile of banks versus the rest.

Panels C, D, and E of Table 5 show that the share of technical employees also varies
with banks’ portfolio of loans, revealing an association between technical human capital and
consumer-focused lending. We hypothesize that technology can be most helpful in unlocking
efficiencies in the business of household-facing loans, such as mortgages and credit cards,
with room for standardization, automation, and fewer human-to-human interactions between
lenders and borrowers. Panel C examines the association between technical employees and
the fraction of banks’ loans that are household-facing. The least household-facing banks
(those in the bottom quintile based on the share of loans that are household-facing) have the
least technical workforce, with an average of 39.6% of employees with at least some technical
skills and an average of 3.2% of employees with advanced coding skills. These technical skill
levels increase only slightly as we move to the second, third, and fourth quintile of banks
based on household-facing loans. However, the banks with the most household-facing loans
(those in the top quintile) have substantially more technical workforces, with an average of
45.1% of employees reporting at least some technical skills and an average of 5.2% having
advanced coding skills. Correspondingly, Panels D and E show that both nonresidential real
estate loans (Panel D) and commercial and industrial loans (Panel E) are inversely related
to technical workforces. These results are consistent with the notion that technology offers

fewer gains when a lending process involves larger loans (compared to household lending)
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and more human-to-human interactions. Panel D shows that rank in the bottom quintile
based on the share of nonresidential real estate loans having significantly more technical
workers in general and higher shares of workers with advanced coding skills in particular.
Panel E shows that commercial and industrial loan shares display a negative but very weak
association with technical human capital.

Next, Table 6 examines the changes in technical skills of workers hired from up-to-2015
to 2016-onward, and how those changes vary across banks’ assets, deposits-per-branch, and
loan portfolio composition. Asterisks next to the 2016-onward values denote that the corre-
sponding difference from up-to-2015 to 2016-onward is statistically significant. Panel A looks
at bank size. The proportion of technical workers undergoes significant increases in all bank
size buckets, with the share of employees with advanced coding degrees roughly doubling in
each bank group (e.g., increasing from 10.3% to 19.9% for the largest banks with over $1
trillion in assets and increasing from 2.1% to 3.7% for the smallest banks with less than $3
billion in assets). Technical capital (a) increases from 0.87 to 1.27 in the largest banks and
from 0.40 to 0.61 in the smallest banks. All of the skill increases are statistically significant
at the 1% level. Banks’ workforces are also becoming more educated across the board, with
an increasing presence of Masters degrees in all bank sizes and increasing shares of degrees
specifically from top-rated (“elite”) institutions in the larger banks.

Table 6 Panels B, C, D, and E examine how changes in employee composition vary
with the banks’ shares of residential loans, nonresidential real estate loans, commercial and
industrial loans, and consumer loans, respectively. The results show a ubiquitous increase in
technical employees across all bank types. For example, the share of employees with advanced
coding skills increases from 5.7% to 10.0% in the top quintile of banks based on the shares
of commercial and industrial loans and from 9.9% to 21.2% in the bottom quintile of banks
based on the share of commercial and industrial loans. Similarly, this share increases from
10.3% to 20.9% in the top quintile of banks based on the share of consumer loans, and from

4.1% to 8.0% in the bottom quintile. Finally, other skill indicators—the share of workers
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with at least one degree in a STEM field, the share of workers with Masters degrees, and the
share of workers with degrees from elite institutions—also show ubiquitous increases across
all bank loan types.

Overall, the main source of heterogeneity across banks is size (total assets): larger banks
have more technically-skilled workforces, both at the beginning and the end of the sample
period. As a result, the relative increase in technical workers is similar (roughly two-fold)

across the board.

5 Technical Skills, Skill Vintages, and Employee Out-
comes

We now examine how white-collar jobs at banks evolve with banks’ investments in tech-
nology. We document that banks that transition towards more technical workforces (that is,
invest in technology) tend to have more employee separations. Older workers are at great-
est risk of job separations during technical transitions, but this effect is mitigated for older

workers who have invested in more modern skills.

5.1 Employee Skills and Job Progression

We begin by examining how employees’ career trajectories relate to the composition of
their skill portfolios and especially the novelty of their skills. We estimate the following

equation:
Y = Si(aw x HasTechSkill; y, + Br x HasModernTechSkill;y) +v x Q; + €, (1)

where Y; is an outcome variable of interest, k references the category of technical skill (soft-
ware or coding), HasTechSkill; . is an indicator variable equal to one if individual ¢ has at

least one skill of type £ listed on their resume in 2015, and HasM odernTechSkill; . is an in-
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dicator variable equal to one if 7 has at least one skill of type k that falls in the top quartile of
the novelty distribution measured using Google Trends. €2; are person-level control variables
that include age, educational majors, maximal educational attainment, whether at least one
of i’s educational degrees was granted by an elite (i.e., Top-100) academic institution, the
length of current employment at i’s employer, and the seniority of i’s position. The control
variables are all measured as of 2015. Standard errors are clustered by bank.

Table 7 reports the results for different outcome variables Y;. Columns 1 and 2 estimate
Equation 1 using a probit model with the outcome being a promotion—that is, an indicator
equal to one if the seniority of individual i increased by at least one level (column 1) or at least
two levels (column 2). The dependent variable in column 3 is an indicator equal to one if i’s
employer firm changed from 2015 to 2020. Columns 4-7 examine employer changes in more
detail. Columns 4 and 5 focus on employer changes accompanied by increases in seniority
by at least one or two levels, respectively. These are likely to be voluntary separations on
the individual employee’s part. Columns 6 and 7 focus on transitions to a different employer
accompanied by a decrease in seniority by at least one or two levels, respectively. These
likely reflect involuntary separations or demotions.

The first two columns of Table 7 show that, in general, technically-skilled employees
are less likely to experience internal promotions than business-oriented employees. But this
differential is mitigated when technical employees have modern skills, whether software or
coding. In columns 4 and 5, we see an analogous pattern for external promotions (job
switches with seniority increases): job changes with promotions are more common for busi-
ness employees and less common for technical bank employees, but this differential is entirely
offset when the technical employees possess modern technical skills. Finally, columns 6 and
7 display some evidence for modern technical skills also mitigating the risk of involuntary
separations (job changes with seniority declines), at least for technical employees with coding
skills. Overall, the evidence in Table 7 highlights how for technically-skilled employees, the

vintage of their skills—how modern their technical skills are—is a key driver of their career
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progressions.

5.2 Modern Technical Skills, Layoffs, and Older Workers

The previous subsection suggests that modern technical tests carry benefits for workers,
increasing the likelihood of promotions and decreasing the likelihood of demotions relative
to older technical skills. We now examine this result in more detail, including how modern
skills insulate workers during layoffs and how the importance of modern skills may differ
across employee age.

To study employees’ vulnerability to being displaced, part of our analysis focuses on
the banks that experienced a reduction in the number of full-time equivalent employees (as
reported in Call Reports) between 2015 and 2020. We consider three reduction thresholds:
banks where the total headcount dropped by more than 10% from 2015 to 2020 , banks
where the total headcount dropped more than 2%, and banks that experienced any kind of
reductions in headcount (change in headcount < 0%). Table 8 begins by looking at all banks
in Panel A, and then considers the three reduction threshold (at least 10%, at least 2%, and
at least 0%) in Panels B, C, and D, respectively.

The analysis in Table 8 is conducted at the employee level and focuses specifically on
employees who have at least one technical skill. We rank the employees in terms of the vintage
of their skills (i.e., the average novelty score of the skills in that employee’s portfolio). The
variable old_tech is an indicator equal to one for employees in the bottom quartile of all
employees based on average skill vintage. The variable mod_tech is an indicator equal to one
for employees in the top quartile based on average skill vintage. The omitted category thus
comprises employees in the middle two quartiles based on skill vintage.

In each column, we estimate the following specification:

Demotion; = a X old_tech; + 8 x mod_tech; + v x §; + €;, (2)
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where Demotion; is a dummy variable equal to one if employee i experienced an employment
separation that resulted in ¢ having a position with a lower seniority rank in 2020 than in 2015.
Columns 1—4 consider all cases where the rank decreased by at least one point, while Columns
5-8 consider only those cases where the rank decreased by at least two points. {; captures
person-level controls: educational majors, maximal degree attained, the presence of at least
one degree from an elite (i.e., Top-100) academic institution, age, length of employment at
the 2015 employer, and the employee’s 2015 seniority level. Standard errors are clustered by
bank.

We estimate regression 2 on all technical employees and then separately for three age
groups: younger (up to 32 years old), middle (33-40 yeras old), and older (over 40 years
old). The separate age groups enable us to see whether old and modern technical skills have
differential effects on older versus younger workers.

Panel A of Table 8 examines the relationship between skill vintage and the probability of
job separations with demotions across the full sample of banks. We first discuss the results
for all employees with technical skills pulled together (“entire sample”). The coefficient on
old_tech is positive but insignificant for demotions of at least one rank and a statistically
significant (at the 5% level) 0.679 for demotions of at least two ranks, indicating that having
older technical skills is modestly harmful. The coefficient on mod_tech is a strongly statisti-
cally significant —0.0274 (—0.0119) for demotions of at least one rank (at least two ranks),
statistically significant at the 1% level. This means that technical employees with the most
modern technical skills (top quartile) are 2.74% less likely to experience a demotion of at
least one rank and 1.19% less likely to experience a demotion of at least two ranks. Each of
these marginal effects accounts for more than a quarter of the unconditional probability of
demotion (reported in the table footer).

Next, we look at the results in Panel A of Table 8 sliced by age. The results in the
youngest group of employees are slightly weaker than in the full sample (e.g., modern skills

lower the probability of demotion by one rank by 1.43% rather than 2.74%). The effect sizes
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for the middle group of employees is comparable to the full sample results (e.g., modern
skills reduce the probability of demotion by at least one rank by 2.55%). And the strongest
effects of modern technology are visible for the oldest group of employees. In this group,
having skills in the highest quartile of modernity corresponds to a reduction in the likelihood
of demotion by at least one point (at least two points) by 3.92% (2.01%), compared to the
full-sample effects of 2.74% (1.19%).

Next, we examine what happens specifically during layoffs—starting with substantial
layoffs (banks reducing their total headcount by 10% or more) in Panel B of Table 8. First,
comparing the full-sample results in this panel against those in the previous panel, we see
that outdated technical skills (old_tech) are more harmful to employees during layoffs than
during regular times. Having technical skills that are in the bottom quartile based on novelty
corresponds to a 2.26% (1.44%) higher likelihood of demotions by at least one rank (at least
two ranks), both statistically significant at the 5% level. Second, these effects increase with
age. The adverse effect of old skills is small (less than 1%) and statistically insignificant in
the younger and middle age categories, and large and statistically significnat in the older
category: for employees over 40 years of age, having technical skills in the bottom quartile of
novelty is associated with a dramatic 5.67% (3.20%) increase in the likelihood of demotion
by at least one rank (at least two ranks). The positive effects of modern technical skills
(the coefficient on mod_tech) also increase with age, but they are sizable and significant
only for demotions by at least one rank, not demotions by at least two ranks. Overall, the
most striking result in Panel B of Table 8 is the adverse interaction between older age and
older technical skills: for workers over 40 years old, having old technical skills substantially
increases their likelihood of adverse career outcomes during bank layoffs, and having technical
skills in the middle two quartiles is worse than having technical skills ranked in the top
quartile.

Panel C of Table 8 expands the sample a bit, to any layoffs that cut at least 2% of the

workforce (rather than requiring a full 10% headcount reduction). Looking at all technically-

24



skilled employees (independent of age), we find a statistically insignificant harmful effect from
old technical skills (old_tech) and a significant beneficial effect (reducing the propensity to
experience job separation resulting in a demotion) from modern technical skills (mod_tech).
As before, these effects increase with employee age. For employees over 40, having technical
skills ranked in the bottom quartile of novelty (rather than middling-vintage skills) translates
into a 2.34% (1.31%) increase in demotions by at least one rank (by at least two ranks), albeit
statistically insignificant. In contrast, having skills in the top quartile of novelty lowers the
likelihood of demotions by at least one rank (at least two ranks) by 4.55% (1.62%), significant
at the 1% (10%) level.

Finally, for further robustness, Panel C of Table 8 repeats the analysis on all bank-years
with negative workforce changes (i.e, any net change in the employee count < 0%) and
shows results that reinforce the patterns in Panels A—C. Modern technical skills (those in
the top quartile of novelty based on Google Trends data) significantly predict lower incidence
of separations with seniority drops in the full sample, and this result is stronger for older
workers than for younger workers. Similarly, having technical skills in the bottom quartile of
novelty is associated with higher incidence of demotions, and this worsens with age, although
this coefficient is not always significant.

Overall, the results in Table 8 highlight an important interaction between employee age
and the vintage of technical skills: possessing modern (rather than outdated) technical skills
insulates technically-oriented workers from adverse career outcomes, including during bank

layoffs or workforce reductions, and this effect is especially pronounced for older workers.

5.3 Placebo Test: Vintages of Soft Skills

We investigate how the results in Table 8 would change if instead of focusing on employees
with technical skills, we considered employees with soft skills. This analysis serves two
purposes. First, it can offer a placebo test of sorts to see whether the impact of modern

vintages that we observe in 8 is specific to technical skills. Second, soft skills are important
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determinants of success of individual employees and firm performance (Heckman and Kautz,
2012), so examining how these skills evolve over time is interesting in and of itself.

Table 9 presents the results, where the sample consists of all employees who possess at
least one of 2,840 skills identified as a “soft skill” by GPT4o. The outcome variables are
demotions of at least one rank and demotions of at least two ranks. We look at employees of
all age, and then separately for younger employees (up to 32 years old), medium employees
(33-40 years old), and older employees (over 40 years old).

The results for soft skills are very different from those for technical skills. First and
foremost, the effect of skill vintage is flipped: for soft skills it is the older soft skills that
seem to insulate employees from adverse outcomes, whereas novel soft skills do not bring as
much value. For example, in the full sample, employees with the most modern soft skills are
1.1% (0.7%) more likely to suffer demotions of at least one rank (at least two ranks) than
employees with mid-range novelty soft skills. In contrast, employees in the bottom quartile
of soft skills based on novelty are 3.55% (1.75%) less likely to suffer demotions of at least
one rank (at least two ranks) than employees with soft skills of mid-ranging novelty. This is
likely because novel soft skills tend to be more nebulous and less difficult to acquire. When
we tag each soft skill with the difficulty of acquiring that skill (also using the GPT40 model),
this difficulty measure displays a correlation of —0.66 with skill vintage (i.e., more modern
soft skills are generally easier to acquire).

The second notable result in Table 77 is that there is no clear age pattern to the soft
skill results. The coefficients are very similar for all employee age groups. For example, the
reduction in job separations with demotions of at least one rank from having odler-vintage
soft skills is 1.73% for the younger workers (32 years old or less), 1.20% for mid-range
workers (33-40 years old), and 1.65% for older workers (over 40 years old). For soft skills, it
seems, the most important point is to have old-school (hard-to-get) soft skills, and individual

employees’ age is less of a factor.
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6 Conclusion

In this paper, we explore investments in technical talent in the banking sector, which
offers a unique setting to examine the evolution of technical skills specifically among white-
collar workers in a knowledge industry. Recent advances in technology, such as artificial
intelligence, relate to knowledge-based and cognitive tasks, unlike previous technologies that
focused on automating menial blue-collar jobs. As a result, recent years bear the potential
of disruptive effects on workers with technical abilities.

We document an important novel aspect of technical skill: its vintage. Technical employ-
ees with outdated skills are more likely to suffer demotions and involuntary job separations
that lead to lower-ranked positions in other firms. In contrast, modern technical skills insu-
late workers from displacement, leading to a significantly lower probability of adverse career
outcomes such as demotions. Importantly, this effect is unevenly distributed across employee
age: the adverse impact of outdated technical skills and the beneficial effect of modern tech-
nical skills are both much stronger for older workers (over 40 years old) than for younger
workers. This highlights an intriguing complementarity between employee age and skill age
(vintage): the role of upskilling is especially relevant for older employees who may be more
vulnerable to obsolescence. This raises potential policy implications for the maintenance of
a competitive workforce during the confluence of (i) an aging population in the U.S. (Ca-
plan and Rabe, 2023) and (ii) the advent of new technologies such as artificial intelligence
(Acemoglu et al., 2022; Goldfarb et al., 2023). The the face of these trends, it is especially
important to ensure that the technical part of the workforce—including older workers—have

the tools necessary to keep up with modern technologies.
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Table 1: This table presents the descriptive statistics of technical skills” novelty scores. The
Google Trends-based measure of a technical skill’s novelty is constructed in two steps. First,
we calculate the growth from 2004-2012 to 2013-2021 in the incidence of Google searches
corresponding to that skill. Second, the novelty score of each skill is the percentile (from
0 to 1) of that skill’s growth in the distribution across all 670 technical skills. Panel A
presents the average novelty scores of technical skills reported by individuals of various age
groups in our data. Panel B presents the average novelty scores of technical skills reported
by individuals employed at banks of different sizes.

Panel A: Employee age
Group N (individuals) Mean St. Dev. p25 Median p75

=25 11,983 0.508  0.106  0.465 0.546  0.555
26-30 27,623 0.500  0.114  0.448 0.532  0.560
31-35 31,056 0.48  0.126  0.410 0.507  0.560
36-40 29,230 0478  0.133  0.399 0.481 0.556
41-50 36,887 0472  0.138  0.388 0.472  0.554
51-60 15,405 0.462  0.136  0.380 0.472  0.549
61-.. 4,162 0.460  0.131  0.380 0.472  0.549

Panel B: Bank size
Group N (individuals) Mean St. Dev. p25 Median p75

1T+ 92,235 0479  0.130 0403 0.490  0.557
100B-1T 42 516 0.488  0.127  0.413 0.507  0.556
10-100B 15,600 0.480  0.125 0403 0.499 0.552
3-10B 4,363 0.491 0.126 0415 0.517  0.552
3B- 1,632 0497  0.128  0.430 0.536  0.555
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Table 2: Summary statistics on technical workers at banks. Panel A considers age, Panel B
looks at educational degree levels, Panel C considers educational specializations, and Panel
D looks at educational degree prestige (whether the individual has at least one degree from
a top-100 educational instutution based on the U.S. News & World Report.

Panel A: Employee age

# obs mean sd p25 pd0  p7d
Not technical 275,829 1977.1 11.6 1970 1979 1986
Software 244,161 1979.5 11.0 1973 1981 1988
Basic coding 125,264 1979.2 10.2 1973 1981 1987
Advanced coding 78,009 1980.6 10.3 1975 1982 1988
Panel B: Educational attainment

# obs  Vocational Associate Bachelors Masters (non-MBA) MBA  Doctorate
Not technical 143,057 1.6% 7.2% 85.6% 11.9% 9.1% 3.8%
Software 145,645 1.8% 7.9% 86.0% 14.0% 10.8% 2.3%
Basic coding 79,953 1.9% 5.4% 87.1% 18.4% 10.7% 2.8%
Advanced coding 54,223 1.3% 2.9% 87.4% 28.2% 4.9% 4.7%
Panel C: Educational majors

Within STEM:

# obs  Business Humanities STEM Computer Science Engineering Other STEM
Not technical 135,749  74.4% 28.8% 9.4% 2.1% 2.5% 5.2%
Software 138,360  77.2% 22.9% 15.0% 5.0% 5.2% 5.8%
Basic coding 77,324 66.5% 22.8% 32.7% 15.2% 11.6% 9.7%
Advanced coding 53,444 34.3% 11.0% 80.2% 45.6% 36.8% 16.6%

Panel D: Degrees from prestigious institutions

Top 100 BA Top 100 MBA  Top 100 MA  Top 100 Doctorate

# obs  Top 100 (any)
Not technical 143,057 13.0%
Software 145,645 14.2%
Basic coding 79,953 17.6%
Advanced coding 54,223 20.8%

10.4%
11.2%
13.9%
15.2%

1.6%
2.1%
2.3%
0.9%

1.6% 0.6%
1.9% 0.3%
3.0% 0.6%
6.2% 1.34%
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Table 3: This table presents the descriptive statistics for sample banks as of 2020. An employee has
some technical skills if their resume features skills identified as software, basic coding, or advanced
coding. Tech-Hiring Intensity is the number of tech-skilled employees hired by a bank between
2015 and 2020 scaled by that bank’s 2020 headcount

N Mean Std Dev  p25 pb0 P75

Employees’ technological skills 445 0.392 0.133 0.314 0.375 0.462
Software 445  0.376 0.129 0.300 0.361 0.444
Coding 445  0.118 0.089 0.067 0.097 0.147
Basic 445  0.114 0.087 0.065 0.095 0.143
Advanced 445  0.031 0.047 0.000 0.018 0.039
Tech capital (a) 445  0.521 0.238 0.383 0.474 0.606
Tech capital (b) 445  0.697 0.402 0.474 0.611 0.824
Tech-Hiring Intensity 445 0.221 0.114 0.156 0.208 0.277
Employee majors
Business 445  0.773 0.092 0.729 0.783 0.821
Humanities 445 0.207 0.072 0.172 0.209 0.248
STEM 445  0.122 0.077 0.078 0.107 0.152
Computer Science 445  0.054 0.044 0.026 0.046 0.073
Engineering 445 0.029 0.037 0.006 0.019 0.037
Other STEM 445 0.049 0.041 0.026 0.047 0.063
Employee educational attainment
Associate’s 445 0.073 0.047 0.042 0.066 0.095
College 445  0.724 0.080 0.683 0.726 0.769
Master’s / MBA 445  0.185 0.079 0.141 0.178 0.221
JD, MD, PhD 445  0.019 0.022 0.004 0.016 0.026
Employee degree types
MBA 445  0.104 0.061 0.078 0.102 0.127
Master’s 445  0.088 0.046 0.059 0.083 0.109
Elite institution 445  0.042 0.060 0.009 0.023 0.052
Employee age
At job start 446 344 2.5 32.8 342 35.7
As of 2020 446 42.0 2.7 40.5  41.7 43.1
Bank size
Assets ($B) 446  49.256  267.823 2.065 4.263 11.933
Deposits per branch ($B) 444 1.734 10509 0.071 0.104 0.174
Compositions of the loans portfolio
Consumer 446 0.059 0.129 0.004 0.016 0.049
Credit cards 446 0.012 0.076 0.000 0.000 0.001
Other revolving plans 446 0.004 0.021 0.000 0.001  0.002
Automobile loans 446 0.020 0.053 0.000 0.001 0.011
Other consumer loans 446 0.023 0.068 0.002 0.005 0.017
Real estate 446  0.685 0.201 0.604 0.723 0.827
Residential 446 0.297 0.141 0.212 0.306 0.382
Commercial 446 0.299 0.172 0.185 0.277 0.369
Construction & Land 446 0.020 0.044 0.000 0.002 0.020
Farmland 446  0.070 0.047 0.034 0.063 0.098
Commercial & Industrial 446  0.184 0.116 0.104 0.168 0.248
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Table 4: This table reports personal characteristics from the resumes of 1,147,849 individuals
employed in 2020 by 446 bank holding companies (BHCs) in the United States. Technical
skills—classified into software, basic coding, and advanced coding—feed into Technical Cap-
ital scores. Tech Capital (a) counts the number of distinct categories of technical skill (ad-
vanced coding, basic coding, and software use) that an individual has, with Tech Capital (a)
thus ranging from 0 to 3. Tech Capital (b) gives more points for more advanced categories—1
point for software, 2 points for basic coding, and 3 points for advanced coding—and there-
fore ranges from 0 to 6. College majors capture the area of undergraduate or postgraduate
studies. Panel A presents means for 2020 employees within annual cohorts depending on
when they joined their as-of-2020 employer. Panel B splits 2020 employees into two groups:
those hired up to 2015 versus those hired from 2016 onward, reporting the differences in the
two subsample means. *** ** and * indicate significance at the 1%, 5%, and 10% levels,
respectively.

Panel A
Subsample <2010 2011 2012 2013 2014 2015 2016 2017 2018 > 2019
Tech skills
Software 0.395 0.463 0.482 0.510 0.537 0.572 0.602 0.639 0.653 0.650
Coding 0.157  0.207 0.205 0.238 0.256 0.274 0.303 0.343 0.361  0.352
Basic 0.151  0.201 0.198 0.231 0.248 0.267 0.295 0.332 0.348 0.337
Advanced 0.055 0.075 0.078 0.093 0.100 0.113 0.129 0.158 0.171 0.163
Tech capital (a) 0.602 0.740 0.758 0.834 0.885 0.952 1.026 1.130 1.173 1.150
Tech capital (b) 0.863 1.092 1.113 1.252 1.333 1.446 1.577 1.779 1.863 1.814
Major
Business 0.710  0.684 0.690 0.679 0.675 0.6656 0.664 0.659 0.663  0.667
Humanities 0.205 0.214 0.216 0.214 0.217 0.218 0.217 0.213 0.214 0.220
STEM 0.205 0.239 0.225 0.248 0.255 0.270 0.274 0.299 0.302 0.299
Computer Science | 0.097  0.112 0.104 0.114 0.119 0.124 0.124 0.139 0.144 0.144
Engineering 0.063 0.087 0.079 0.096 0.100 0.115 0.118 0.133 0.133  0.130
Other STEM 0.067  0.072 0.071 0.072 0.074 0.072 0.075 0.078 0.078  0.079
Max degree
Associate’s 0.051  0.050 0.056 0.051 0.047 0.045 0.045 0.035 0.031 0.030
College 0.707  0.685 0.691 0.683 0.675 0.673 0.669 0.662 0.668 0.680
Master’s / MBA 0.218 0.236 0.231 0.238 0.250 0.254 0.255 0.272 0.271 0.261
JD, MD, PhD 0.024 0.029 0.023 0.027 0.028 0.028 0.032 0.031 0.030 0.029
Type of degree
MBA 0.128 0.129 0.125 0.120 0.122 0.117 0.113 0.111 0.106 0.103
Master’s 0.101  0.119 0.117 0.131 0.143 0.152 0.160 0.180 0.183 0.176
Elite institution 0.061  0.059 0.056 0.057 0.060 0.061 0.064 0.071 0.076 0.080
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Panel B

Subsample 2015 or before 2016 or after Difference
N Mean  SD N Mean  SD in Means
Tech Skills
Software 235,127 0.469 0.499 193,680 0.638 0.481  0.169***
Coding 235,127 0.207 0.405 193,680 0.342 0.474  0.135%**
Basic 235,127 0.200 0.400 193,680 0.330 0.470  0.130***
Advanced 235,127 0.079 0.269 193,680 0.157 0.364  0.078***
Tech capital (a) 235,127 0.748 0.913 193,680 1.125 1.008 0.376***
Tech capital (b) 235,127 1.106 1.664 193,680 1.768 1.998  0.662***
Major
Business 262,063 0.689 0.463 362,050 0.663 0.473 -0.026***
Humanities 262,063 0.212 0.409 362,050 0.216 0.412 0.004 ***
STEM 262,063 0.234 0.423 362,060 0.296 0.456  0.062***
Computer Science 262,063 0.109 0.312 362,050 0.139 0.346  0.030***
Engineering 262,063 0.085 0.279 362,050 0.130 0.336  0.044***
Other STEM 262,063 0.070 0.256 362,050 0.078 0.268  0.008***
Max Degree
Associate’s 347,957 0.050 0.217 447,438 0.034 0.182 -0.015%**
College 347,957 0.690 0.462 447,438 0.670 0.470 -0.020%**
Master’s / MBA 347,957 0.234 0.423 447,438 0.266 0.442  0.032***
JD, MD, PhD 347,957 0.026 0.159 447,438 0.030 0.171  0.004***
Type of Degree
MBA 347,957 0.124 0.330 447,438 0.107 0.310 -0.017***
Master’s 347,957 0.122 0.328 447,438 0.176 0.381  0.054***
Elite Institution 347,957 0.060 0.237 447,438 0.073 0.261  0.013***
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