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Abstract

How do the tasks workers are assigned shape their career advancement? We examine this question
using data from an engineering analytics platform on tasks assigned to software engineers,
merged with LinkedIn data on workers’ career trajectories. We exploit variation in workers’
task assignment arising from fluctuations in their teams’ task portfolios at the time they join.
Assignment to more complex tasks in the first quarter of employment significantly increases
the likelihood of promotion within two years. We provide evidence consistent with a human
capital accumulation channel: workers exhibit steep learning curves in their first year at the
firm, with task completion times falling sharply with accumulated experience. We also examine
the implications for gender disparities, documenting gender differences in task assignment and

promotion rates.
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1 Introduction

Promotions inside firms account for a meaningful share of workers’ life-cycle wage growth (Baker,
Gibbs, & Holmstrom, 1994; Baker, Gibbs, & Holmstrom, 1994; McCue, 1996). In standard models of
firm production, tasks are assigned to workers on the basis of comparative advantage, and jobs are
bundles of tasks, chosen to balance the gains from specialization against hiring and coordination
costs (Becker & Murphy, 1992; Lazear, 1992). In turn, workers are promoted when moving into a
higher-level job better matches their comparative advantage to what the firm demands. In practice,
however, firms’ task assignment may deviate from the benchmark for several reasons: firms may
face short-run fluctuations in the demand for particular types of labor (Adhvaryu et al., 2022);
managers may vary task assignment to learn about workers’ abilities (Waldman, 1984; Meyer, 1994);
and managers may discriminate on characteristics unrelated to workers’ skills or experience (e.g.,
Babcock et al., 2017; Chu et al.,, 2022). How does variation in the tasks that workers are assigned
affect their career advancement?

We study this question by leveraging a novel dataset from an analytics platform, which firms
use to understand the activity of their software engineering teams. Our data provides information
on the activity of 52,659 workers at 303 firms. We primarily make use of the platform’s integration
with Jira, a project management tool, through which we can observe workers’ assignment of “issues”
— i.e., tasks. Individual issues represent blocks of engineering or engineering-adjacent work, that
generally takes several days to two weeks to complete, such as updates to website features or bug
fixes. Data on each issue is highly detailed: we observe its assignee and supervisor, text description,
and priority level. We merge this with LinkedIn data to on workers’ education and work histories, to
assess their promotion trajectories.

Task assignment may play a particularly important role in this context, in which knowledge
workers perform non-routine tasks. The non-routine nature of work provides scope for variation in
task assignment, and also increases the importance of on-the-job learning. However, it also poses
unique challenges for measurement of learning and productivity, which may explain why existing
literature on firm-specific human capital has focused on more routine occupations such as production.
Our data allows us to overcome such challenges, by providing us detailed insights into the outputs of

knowledge workers.



We begin by documenting the importance of task assignment for career advancement. To do this,
we use machine learning tools to classify Jira issues’ complexity and category according to their text
descriptions. We find substantial variation in task assignment across workers, even within job titles.
We also provide evidence on sources of variation of task assignment within-occupation, documenting
differences in task assignment by workers’ educational credentials and gender. Second, we document
that task assignment plays an important role in shaping workers’ career advancement. We use an
instrumental variables approach, exploiting quasi-random fluctuations in teams’ task compositions
at the time that workers join the firm. A 1 p.p. increase in a worker’s share of complex tasks in her
first quarter at the firm leads to a 1.8 p.p. increase in her likelihood of promotion.

We then turn to exploring one channel through which task assignment may matter for workers:
opportunities to accumulate human capital on the job. We document workers’ “learning curves”
through their time at the firm, by grouping tasks by their complexity, then estimating the relationship
between work experience and time to complete tasks of different categories. We find a sharp learning
gradient within workers’ first year at the firm, which then plateaus. These patterns are consistent
with assignment to more complex tasks providing workers with greater scope for skill development.

Finally, we explore the role of task assignment in gender disparities in career advancement.
Despite progress over the past several decades, significant gender gaps persist in high-wage occupa-
tions: within-occupation differences account for roughly two-thirds of the gender wage gap, and the
gap is largest at the top of the wage distribution (Goldin, 2014; Blau & Kahn, 2017). We document
that women represent only 24 percent of recent graduate roles in our sample, and that persistent
promotion and salary gaps emerge even among workers in the same job titles. We show that women
are assigned fewer “high priority” tasks than men, and that this gap grows over time within a firm.
Furthermore, women are assigned project management and design tasks at a higher rate than men;
and data analytics and bug fix tasks at a lower rate than men. Notably, women complete tasks at
higher rates than men across all priority levels, suggesting the gap in task assignment is not driven

by performance differences.

Related literature. This project relates to several bodies of literature. First, it relates to a large
literature on internal labor markets, which uses detailed personnel records to understand how
workers are evaluated, paid, and promoted within firms (e.g., Baker, Gibbs, & Holmstrom, 1994; Baker,

Gibbs, & Holmstrom, 1994; Lazear & Oyer, 2003; Gibbons & Waldman, 2006; Kohlhepp, 2024). A



subset of this literature emphasizes the importance of firm experience and training for human capital
accumulation (e.g., Lazear, 2009; Levitt et al., 2013; Frederiksen & Kato, 2018; Jedwab et al., 2023), and
of task-specific human capital and learning through job assignment (Waldman, 1984; Meyer, 1994;
Gibbons & Waldman, 2004; Gathmann & Schonberg, 2010; Lise & Postel-Vinay, 2020). We contribute
to this literature by providing evidence on how the tasks workers perform within a job affect their
career advancement, using variation in which tasks are available to a worker rather than variation in
worker or manager choices.

Second, a growing literature documents variation in how firms assign tasks to workers. Several
papers show that women are more likely to take on non-promotable tasks (Babcock et al., 2017;
Chu et al., 2022; Lehmann, 2013; Bol et al., 2026; Murphy-Hill et al., 2023). Beyond gender, managers
shape assignment by moving workers across jobs and task domains (Minni, 2026) and by reassigning
workers when productivity shocks hit (Adhvaryu et al., 2022). Cullen et al. (2025) similarly use
quasi-random assignment of Air Force jobs, but to estimate the career effects of job—skill mismatch.
Bircan et al. (2025) is closest to our paper: using manager rotations, they show that supervisors
causally shift who receives visible leadership roles, and relate this to the gender promotion gap. Their
design identifies the effect of managers on assignment, whereas ours isolates variation in the work

available to the worker, which lets us estimate the effect of task assignment on promotion directly.

The rest of the paper proceeds as follows. In Section 2, we describe our data and institutional
details. In Section 3, we describe our main results on the effects of task assignment on workers’
career advancement. In Section 4, we provide evidence on the human capital accumulation channel.
In Section 5, we document gender disparities in task assignment and career outcomes. Section 6

concludes.

2 Data and institutional context

This section summarizes the data used in our analysis.

2.1 Data sources

Engineering analytics platform. Our primary source of data is an engineering analytics platform.

Firms use the platform to monitor software activity and project progress, and to understand the



engineers’ productivity, including in relation to their use of Al coding tools. To provide these analytics,
the platform integrates data on engineers’ activity from several sources. We primarily make use of
the data from the issue tracking system integration.

Analysis sample. We use data from 2015 to 2024. We construct an analysis sample of engineers
who are active at a firm monitored by the platform for a period of at least three months in this time
period. There are 52,659 workers in this sample from 303 firms.

HR data. Firms directly enter data into the platform on workers’ job titles; a subset of firms also
enter workers’ salaries, and the names of their supervisors. Firms have an incentive to record this
information accurately: workers are sorted by job title when managers review worker performance,
and firms enter salary information in part so that they can calculate R&D tax credits.

Issue tracking data. Software teams employ “issue tracking” systems to organize, assign, and mon-
itor engineering work.! Issue management systems are industry-standard for software engineering
teams.

Atlassian, Jira’s owner, claims that four-fifths of Fortune 500 firms use Jira (Farquhar, 2019). An
“issue” is a discrete unit of engineering work that can be assigned to a worker, such as a feature update
or a bug fix. Our analysis sample includes 9,703,637 issues, for an average of 7.45 per worker-month.
Figure 1 presents an example of Jira’s interface when assigning issues.

Each issue includes rich information, including the assignee and supervisor, as well as timestamps
associated with its opening and resolution. Each issue also includes a text description, which we use
to classify the content of the tasks, as described in Section 2.4. The text description of each issue is
typically rich: in our analysis sample, the median length of an issue description is around 65 words.
Each is also assigned a priority level by the assigner, ranging from low to critical, which captures the
importance of the issue to the project, as well as its time urgency. Finally, it also includes information
with its resolution status — i.e., whether it was successfully or unsuccessfully completed — which we

use to assess the quality of work completed.

LinkedIn. We obtain supplemental data on workers’ characteristics from Coresignal, a data provider
which scrapes LinkedIn profiles as of the end of 2022. We combine this with the HR-inputted data

on the analytics platform to obtain a more comprehensive view of workers’ education and work

The platform integrates data on several issue management systems, including Jira and Microsoft Azure DevOps. For
simplicity, we adopt the language of the most common issue management system globally, Jira.



histories. We first hand-match the analysis sample of firms with the list of firms whose data are
collected from LinkedIn by Coresignal; we are able to match essentially every firm in the sample.
Next, we merge worker names from data to profile names in the LinkedIn data, restricting attention
to profiles that have, at some point, worked at a firm. We merge the names of educational institutions
to the classification of colleges in Chetty et al. (2023) and define a worker as a graduate from a
highly-selective college if any of the worker’s educational qualifications were from a public or private

highly-selective college.

Dun & Bradstreet. Dun & Bradstreet (D&B) is a commercial provider of business data and analytics.
D&B maintains records on hundreds of millions of businesses worldwide, compiling information
across numerous sources, including public business registries, firm websites, and trade-payment

records. We merge firms to D&B records by firm name, and are able to match nearly all firms.

2.2 Descriptive statistics from analysis sample

Worker-level summary statistics. Appendix Table 1 presents summary statistics on the workers,
including income, gender, and education history. We have salary data on a minority of workers.
Around five-sixths of the workers whom we are able to assign a gender are classified as male. Around
four-fifths of workers for whom we have access to educational data are college-educated; most of the
remaining workers completed coding courses offered by private platforms that are not associated
with colleges (e.g., Codecademy, Udemy). Around two-fifths of workers are in “senior” roles, which we
classify as job titles indicating that the worker has been promoted relative to the typical positions new
graduates would receive (e.g., “senior developer”, “team leader”, “engineering manager”). Appendix
Figure 1 presents the distribution of role types in the analysis sample. Around four-fifths of workers are
engineers; the remainder are in other roles involved in the software development process, including

managers.

Firm-level summary statistics. Appendix Table 1 presents firm-level summary statistics, which we
obtain from Dun & Bradstreet. Most firms are in the professional services industry, which includes
the software industry — i.e., these are firms that are creating a software product. There is some
representation of firms in other industries, including retail, wholesale, and manufacturing — these

firms are largely using software for an internal process.



2.3 Gender

We use the names of engineers to assign genders, using the method in Day et al. (2020), which
computes the empirical frequency of first names by gender in a large dataset of names from the
U.S. and UK. We are unable to assign genders to a subset of approximately 35% of workers, which
includes workers whose names are not available in the data, or for whom we cannot reliably impute

gender based on the algorithm.

2.4 Measuring task content

We use three measures of task content in our analysis. The first, issue “priority”, is inputted by the
workers into Jira. Then, we use machine learning tools to classify issues by their complexity and

content.

Complexity prediction. We begin by using machine learning tools to classify issues by their
complexity. To do this, we vectorize the Jira issue text descriptions, and train a model on the outcome
of the seniority of the assigned worker. Thus, this model assigns each issue with a probability that it
is assigned to a senior worker rather than a junior worker. We then define a task as a “complex task”
if it has a complexity level greater than or equal to 0.5 (i.e., it is more likely than not to be assigned to
a senior worker), and we define a task as a “simple task” if it has a complexity level less than 0.5.
To train the model, we begin by restricting attention to the sample of tasks assigned prior to the
introduction of GitHub Copilot for Business in 2023. We randomly select 25% of those issues to use
in training. We first represent the raw text description of each task ¢, 7T}, as a numerical array D,.
To do so, we stem words, remove especially common and rare words, and then convert each text
description into a TF-IDF representation: that is, for each task ¢, D, collects the frequencies with
which each word in the corpus of words in our task documents is used. Next, we flexibly estimate the
function P(Seniority, ,|D;) through a logistic regression in the training sample, where Seniority,,,
is a binary variable indicating whether the worker to whom task ¢ was assigned, w(t), is a senior
worker. We then construct the complexity of each task, §;, as the fitted value of this logistic regression.
Appendix Table 2 presents some examples of tasks and the complexity assigned to those tasks

by our classification algorithm.



Task categories. We group tasks into categories using an unsupervised topic model. Specifically, we
fit a latent Dirichlet allocation (LDA) model to the text of each Jira issue, which “discovers” latent
topics, according to words that tend to appear together, and then assigns each task to its dominant
topic. We fit topic categories, including infrastructure, review, DevOps, project management, and

UI/UX.

Validation of classifications. Finally, we assess the predictive accuracy of our classification of
issues in a test set of tasks that was excluded from the initial training sample. Appendix Figure
2A shows the distribution of task complexity among tasks that were assigned to senior vs. junior
workers, restricting attention to tasks in the test set. The distribution of predicted task complexity is
systematically lower among tasks assigned to junior workers relative to senior workers.

Then, we compare the complexity labels with the category labels. The complexity classification
algorithm predicts both variation in complexity levels across these categories (Appendix Figure 2B),

and within these categories (Appendix Figure 2C).

3 Task assignment and career advancement

We now move onto our analysis of the structure of work and workers’ career advancement.

3.1 Variation in task assignment

We begin by providing descriptive evidence of variation in task assignment, among workers with the
same job title. We provide evidence of variability across three dimensions: years of experience, college
quality, and gender. The results are displayed in Figure 2, where analysis is restricted to workers
in junior job positions, and estimates come from the univariate regressions of task complexity on
worker characteristics.

Figure 2A shows that workers with more years of experience receive more complex tasks: 1
additional year of work experience is associated with a 1.9 p.p. increase in share of complex tasks in
the first two years. Figure 2B shows that workers who attended a highly selective college receive 7.5
p.p- more complex tasks than workers who attended a non-selective college. Finally, Figure 2C shows

that female workers receive 0.7 p.p. more complex tasks than male workers upon entry.



3.2 Descriptive evidence on task assignment and career advancement

Next, we assess the predictive relationship between task complexity and a worker’s advancement
through the firm. We restrict attention to the subset of our analysis sample consisting of workers who
are new entrants to pre-existing firms. We find that more complex tasks predict promotion, conditional
on pre-entry characteristics. Conversely, holding fixed pre-entry characteristics, a worker’s task
portfolio is predictive of promotion. Figure 3 shows that new hires given more complex tasks upon
entry into the firm are more likely to be promoted, conditional on years of experience and whether
the worker attended a highly-selective school. The point estimate implies that a 10 percentage point
increase in a worker’s complex task share predicts a 2.4 percentage point increase in the likelihood

of the worker being promoted.

3.3 Causal effect of task assignment on career advancement

One interpretation of the positive cross-sectional relationship between the complexity of a worker’s
tasks and her promotion likelihood is that task assignment causally affects promotion likelihood,
e.g., through opportunities for human capital accumulation. An alternative possibility is that this
positive cross-sectional relationship simply reflects unobserved differences in workers’ capabilities
upon entering the firm: managers assign more complex tasks to some higher-skilled workers, who
are also more likely to be promoted.

To distinguish between these possibilities, we develop an instrument for the causal effect of
task complexity on a worker’s likelihood of promotion. The instrument isolates variation in task
assignment that arises due to changes in the environment facing the worker’s manager, and are
plausibly unrelated to a worker’s latent productivity. The intuition for the instrument is as follows.
There are fluctuations over time in the complexity of the full set of tasks which a manager can assign
to workers: some workers join a firm at a point in time at which her team is embarking on a new
project, and there are more complex tasks available to be assigned to workers; other workers join a
firm at a point in time at which only simpler tasks are available.

To fix ideas, it is helpful to consider by way of example the path of task complexity of one
particular team in the analysis sample, provided in Figure 4A. This team experiences a substantial
increase in task complexity in the third quarter of 2019; after this spike, task complexity returns to

its standard level. One worker joins the team immediately prior to this spike; the other joins the



team after this spike. Under an assumption that the precise timing of a worker joining a team is
orthogonal to her latent likelihood of promotion, we can use the comparison between these workers
to determine the causal effects of task assignment on promotion.

To generalize this idea, we measure “shocks” to the composition of tasks within a team by con-
structing the mean predicted complexity of issues within each team x quarter, and then residualizing
this mean complexity with respect to team fixed effects. We then use the measured shock to the
complexity of a team’s tasks in the quarter prior to a new worker joining the team as an instrument
for the mean complexity of tasks assigned to the newly-entering worker.

Formally, we estimate the following two-stage least-squares model:

Si1 = i) + BSiino + Ein (1)

Promotion; = y,i1) + 881 + i, (2)

where s; 4 is the mean complexity of tasks assigned to a worker at quarter q relative to the worker’s
first quarter in the firm (q = 1), t(i, 1) is the team to which worker i is assigned during her first quarter,
and 510 = m 2. 1(.0)=t(i.1) Sio 1S the mean complexity of issues among workers assigned
to i’s team in the quarter prior to her joining the firm, and Promotion; is an indicator variable equal

to one if the worker is promoted to a senior or managerial role during her first two years at the firm.

Identification assumptions. The instrument recovers the local average treatment effect of being
assigned more complex issues under four identifying assumptions, which we discuss in detail below.

1. Relevance. The relevance condition requires that f # 0. Figure 4B presents a binned scatterplot
of our estimates of equation (1). New entrants to a firm tend to be assigned more complex issues
when they are assigned to teams with more complex issues in the quarter prior to their arrival. The
magnitude of the coeflicient is reasonably large: a 10 p.p. increase in the complexity of a team’s issues
increases the complexity of a new worker’s issues by roughly 1.5 p.p. (a pass-through rate of roughly
15%), after removing team fixed effects. We are able to reject the null that there is no effect of the
instrument on the endogenous variable at all standard levels of statistical significance.

To interpret this pass-through rate, it is helpful to consider a natural benchmark in which shocks
to a team’s task composition at quarter g — 1 are fully passed through to an individual worker’s

composition at quarter g, in which case pass-through would be 100% (f = 1). Two factors drive
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attenuation relative to this full pass-through: first, the shock to a team’s tasks in quarter g may be
less than fully passed through to a team’s tasks at g + 1 (that is, the time structure of tasks may not
feature full pass-through due to mean reversion); and second, a team’s tasks at g + 1 may not pass
through one-to-one into an individual worker’s tasks at ¢ + 1 (that is, the “vertical” pass-through of
shocks may be incomplete - for instance, because managers avoid giving difficult tasks to new team
members).? Appendix Figure 3 presents this decomposition. The attenuation of the pass-through rate
relative to full pass-through is almost entirely driven by mean-reversion in a team’s task composition.

2. Exogeneity. In our context, the key challenge to exogeneity is the possibility that managers
respond to short-term increases in the difficulty of their task portfolio by hiring more productive
workers, who are subsequently more likely to be promoted. To assess the plausibility of this exogeneity
concern, we examine whether teams experiencing a shock inducing a higher share of complex tasks
hire workers with stronger pre-employment characteristics. We find that teams experiencing these
shocks do not hire workers with more experience (Appendix Figure 5A), and are no more likely to
hire workers who have attended highly-selective colleges (Appendix Figure 5B). Our interpretation
of this evidence is that firms’ hiring is not responsive to fluctuations in task difficulty that occur
immediately prior to the worker joining the firm.

One possible reason for this unresponsiveness is that firms have already hired workers more than
one quarter prior to a worker’s entry to the firm, and so, for this reason, their hiring does not respond
to essentially contemporaneous shocks to task difficulty. In the future, we hope to directly assess
this point by gathering data on the hiring cycles of technology firms, perhaps through observing the
timing of firms’ job postings.

3. Exclusion restriction. The exclusion restriction requires that a shock to a team’s task composition
prior to a worker’s entry into the firm affects the worker’s promotion likelihood only through its effect
on that worker’s task composition. The exclusion restriction may be violated if a firm’s promotion

policy is such that a worker’s likelihood of being promoted is a function of not just her performance,

2Formally, given three random variables A, B, and C, denote by fa_.pc = C\‘;;[&fc‘?] the coefficient from a regression

of B on A, residualized with respect to C. In a statistical sense, the regression coefficient for the effect of team task
complexity in the quarter prior to entry on a worker’s task assignment on entry can be written as

1851(1‘1),0—’31',1“(131) = 1851(1,1),0—’51(1,1);1‘t(iyl) x 1651([,1),1—’3i,1|f(i:1) + ﬂgl(i,l),o_’si,l‘t(ixl):gi(l,l)‘l .

That is, the observed effect of the instrument on tasks assigned to a new entrant can be decomposed into two terms: (1)
the direct effect of tasks assigned prior to entry on a worker’s tasks assigned on entry; and (2) the product of the effect of
team tasks prior to entry on team tasks at entry, and the effect of team tasks at entry on an individual worker’s tasks at
entry. We find that the first term is essentially zero.
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but also of the performance of other members of her team. For instance, if a firm’s likelihood of
promoting any given worker was decreasing in its willingness to promote other workers within the
same team — as would be the case if the firm had a policy of promoting one worker within each team
— then our estimated effects of task complexity would be attenuated. For this reason, we interpret our
results as a lower bound for the effect of task complexity on promotion likelihood.

4. Monotonicity. Finally, the monotonicity assumption requires that harder tasks within a team

uniformly increase each worker’s task difficulty.

Results from instrumental variables design. Figure 4C presents a binned scatterplot correspond-

ing to the reduced-form regression in our instrumental variables design:
Promotion; = K1) + A3y 1)0 + -

Under the exogeneity restriction, the estimated coefficient A = 0.28 indicates that a 10 percentage
point increase in the mean complexity of a team’s tasks results in a 2.8 percentage point increase in a
worker’s likelihood of promotion over the following two years. Under the exclusion and monotonicity
restrictions, this implies that a one percentage point increase in a worker’s own complexity share
increases her likelihood of promotion over the following two years by 1.81 percentage points (Figure

4D).

4 On-the-job learning

In this section, we estimate the effects of work experience and task assignment on human capital

accumulation.

4.1 Estimation of learning curve

We plot the learning curves associated with two categories of task, displayed in Figure 5. Figure 5A
displays the main results, with the average time to complete tasks assigned each month since the
start of employment, plotted separately for simple vs. complex tasks. We observe a steep decline in
completion time in the first year at which workers are at the firm, followed by a plateau for the two

years after. Appendix Figure 4 replicates these results, but with a balanced panel.
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Next, we turn to more formally estimating the relationship between productivity and work
experience. As in Levitt et al. (2013), we begin with a standard power law specification of the
relationship: S; = AEf . Here, S, is productivity in period ¢ (average number of days to complete each
task assigned in month t), E; is work experience (cumulative number of tasks completed), and A
and f are parameters. Formally, E; = Y\, Tasks;. Taking logs of this specification, we can get an

empirically estimatable expression:
logS, = a+ plogE, + &

where @ = log A and ¢, is an error term. Thus, we can interpret f as a “learning rate”: i.e., the
relationship between experience on productivity. To separate out effects associated with simply
staying in the firm, we also include a time control.

Table 1 displays the results from estimating this expression. Panel A displays the estimated
learning rates for all engineers in the first year as well as in the first 3 years at the firm. In the first
year at a firm, a 1% increase in number of simple tasks completed in the first t — 1 months is associated
with a 0.15% decrease in average time to complete 1 task in month t. Looking at complex tasks, the
estimate is similar but of a smaller magnitude: a 1% increase in number of complex tasks completed
is associated with a 0.11% decrease in average time to complete one task. Intuitively, the learning
rates are lower in the next two years than in the first year: in the first 3 years, a 1% increase in simple
tasks is associated with just a 0.14% decrease in average time to complete 1 task. We are also able to
separately examine these effects for junior vs. senior engineers, with results in Panel B. We see that
the effects of experience on simple tasks are more pronounced for junior than senior engineers; vice
versa, the effects for complex tasks are more pronounced for senior engineers.

Taken together, these results are consistent with assignment to more complex tasks provid-
ing workers with greater opportunities to accumulate task-specific human capital, which in turn

contributes to their advancement within the firm.

5 Gender disparities in task assignment and promotion

In this section, we document gender disparities in career outcomes and explore the role of task

assignment in generating these gaps.
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5.1 Gender gaps in career outcomes

We observe gender gaps in several dimensions. First, we observe a gender gap in entry into the
field: women represent only 24 percent of recent graduate roles in our data. Second, we document a
gender gap in promotion rates in Figure 6. Panel A displays the share of men and women who have
been promoted to senior positions (e.g., “senior software engineer” or “senior data scientist”) each
month since graduation; Panel B displays the equivalent for managerial positions (e.g., “manager” or
“director”). Two years after graduating, around 12 percent of men have been promoted to senior roles,
whereas only 9 percent of women have. In the same timeframe, around 3.6 percent of men have been
promoted to managerial positions, compared with around 3.3 percent of women. Finally, Panel C
shows a gender gap in salaries: on average, women earn 86 percent of what men earn, unconditional

on any factors.

5.2 Gender differences in task assignment

We next document gender differences in the types of tasks assigned to workers. As shown in Figure
2C, women and men receive a similar share of complex tasks upon entry to the firm. However, a
gap in task assignment emerges over time. Figure 7 displays the share of tasks that are high priority
over time, broken down by gender. At the point of entry into a firm, there is no gender gap in task
importance. However, a gap emerges approximately 1.5 years in: three years into employment, men
are assigned 3 percentage points more high priority tasks than women.

We assess whether this gap might be driven by differences in performance by gender. Figure 8
presents task completion rates by gender and priority level. For every priority level, women complete
tasks at a higher rate than men, suggesting that the emerging gap in task assignment is not attributable
to differential performance.

Figure 9 documents gender differences in the types of tasks assigned, using an unsupervised
clustering approach to group task descriptions into categories. Women are assigned a larger share
of Ul-related tasks, while men receive a larger share of data analysis and debugging tasks. These
differences in task type may compound the effects of differences in task complexity on workers’

human capital accumulation and promotion prospects.
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6 Conclusion

This paper studies how task assignment shapes career advancement for knowledge workers. Using
data on 52,659 engineers at 303 firms, we exploit quasi-random variation in the complexity of tasks
available to new workers — arising from fluctuations in a team’s task portfolio in the quarter before
they join — to identify the causal effect of task assignment on promotion. A one percentage point
increase in a worker’s share of complex tasks in her first quarter raises her likelihood of promotion
within two years by 1.8 percentage points.

We provide evidence consistent with human capital accumulation as a key channel for this effect.
Workers exhibit steep learning curves in their first year at the firm: completion times fall sharply with
experience on both simple and complex tasks, and then plateau. These patterns suggest that early
assignment to more complex work expands the scope for on-the-job learning and skill development.

We also provide evidence of gender disparities in task assignment and career outcomes. While
women and men enter firms with similar task portfolios, a gap in task complexity and priority opens
up over the first few years of employment, and this gap is not explained by differential performance.
Women complete tasks at higher rates than men across all priority levels, yet receive fewer high-
priority tasks as their tenure grows. These findings suggest that differences in task assignment
may contribute to persistent promotion and wage gaps between men and women in high-wage
occupations.

Our findings point to task assignment as an understudied margin through which firm decisions
shape both individual career trajectories and aggregate inequality. Future work could examine the
determinants of task assignment — including the role of manager characteristics and firm policies —

and extend the analysis to other outcomes such as wages and retention.
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Figures

FIGURE 1. Example of Jira issue

Redesign users' account registration workflow to make ToDo v 4 Actions v
account creation faster
Details
@ Attach & Add a child issue @ Linkissue | v Create v oo
Assignee @ James Stratton
Description
The current account registration process asks for address details that we no longer Labels registration user-facing
regularly use. Please update the process to remove these questions. Make sure that the
back-end data collection workflows fits smoothly with the revised account creation Parent ® SCRUM-2 User registration
process.
Team Front-end
Attachments 1 + Sprint None
Story point estimate None

Development

Project plan.pdf
08 Oct 2024, 06:41 PM Reporter ° James Stratton

Notes: This figure displays an illustrative example of a Jira issue, including the assignee and text description.
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FIGURE 2. Relationship between pre-entry characteristics and task assignment

A. Task difficulty upon entry and prior experience

| Slope:0.0019
-46 (6., = 0.0006)

New hire's share of senior tasks in first two years

.38+

0 5 1b 15 20
Experience at hire (years)

B. Task difficulty upon entry and previous education C. Task difficulty upon entry and gender

.67 424

New hire's share of senior tasks in first two years
New hire's share of senior tasks in first two years

T T T T
Non-selective college Selective colleges Male Female

Notes: This figure displays estimates of the cross-sectional relationship between workers’ pre-entry characteristics and
task assignment. Panel A shows a binned scatterplot in which the sample is new entrants to a firm, the x-axis variable
is the entrant’s experience (measured in years since college graduation) at the time of entry, and the y-axis variable is
the mean complexity of tasks assigned to the new hire. The estimated coefficient and standard error from a regression
of mean complexity on experience are displayed in the top left corner. Panel B compares the mean complexity of tasks
assigned to new entrants who graduated from non-selective vs. selective colleges, restricting attention further to the
sample for which we have access to educational records from merging Coresignal-LinkedIn data. Panel C replicates Panel
B, instead comparing the complexity of tasks assigned to new entrants who are male vs. female.
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FIGURE 3. OLS relationship between task difficulty upon entry and probability of promotion

.57

Slope: 0.24
(s.e. =0.081)

Likelihood of Promotion Within 2 Years
w
1

0 2 4 .6 .8
New hire's share of senior issues in first two years

Notes: This figure displays OLS estimates of the relationship between task assignment and a worker’s likelihood of
promotion within their first two years at the firm.
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FIGURE 4. Two-stage least-squares estimates of the causal effects of task assignment

A. Intuition for instrumental variables design B. First Stage

a4 Slope: 0.15 .

Worker A Worker B (s.€.=0.057)
joins team joins team
I I

.45+

.35+

Own Seniority at Quarter t

Long-run mean issue
seniorily i te:

Mean Issue Seniority in Team

254 .39
T T T

7 T ’ '
201993 2020q3 2021g3 2022q3 202393 3 4 5

Quarter Team Mean Seniority at Quarter t - 1 (Residualized)
C. Reduced form D.1V
2
154 Slope: 1.81
[ Slope: 0.28 (s.e.=0.89)
g (s.20.132)
« 15
~ 4
c §
£ 2
H g
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£ 14 >
e )
o Fe)
s 8
3 S
Q [N
2 .05
T
=
3
.05
. 04
T T T T T T T T T
3 4 5 .39 4 4 42 43 44
Team Mean Seniority at Quarter t - 1 (Residualized) Share of senior issues (instrumented by team's share of senior issues)

Notes: This figure displays two-stage least-squares estimates of the causal effect of task assignment on a worker’s
likelihood of promotion within their first two years at a firm. Panel A shows an example of one team’s activity, as recorded
in data, to display the intuition behind the instrument for task complexity. The blue line displays mean task complexity
for the team in each quarter. Worker A joins the team in 2019q2, during a time with greater team activity. Worker B
joins in 2020q3, during a time of slower activity. Panel B displays the first stage result, with the OLS regression of a
worker’s own mean task complexity at quarter ¢ on their team’s mean task complexity at quarter ¢t — 1. Panel C displays
the reduced form result, with the OLS regression of an indicator for whether a worker was promoted within two years
on their team’s mean task complexity at quarter ¢ — 1. Panel D displays the main IV result, with the 2SLS regression
of the promotion indicator on a worker’s mean task complexity in their first quarter at the firm, instrumented by their
team’s mean task complexity from the quarter before they join.
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FIGURE 5. Learning curves for simple vs. complex tasks

A. All workers

34

32+

30

28

Average Time to Complete Each Task

26

T T
0 6 12 18 24
Months Since Start of Employment

30

36

—e— Junior Tasks
—e— Senior Tasks

Notes: This figure displays the “learning curves” associated with simple and complex tasks — i.e., the average amount of
time taken to complete tasks assigned in each month since a worker’s start at the firm.
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FIGURE 6. Gender gaps among tech workers

A. Promotion rates to senior positions B. Promotion rates to managerial positions

25+

20

Share of Workers Promoted to Senior Positions (%)

Share of Workers Promoted to Managerial Positions (%)

Men Men
Women Women
10+
2
5
01 0
T T T T T T T T T T T T T T
0 6 12 18 24 30 36 0 6 12 18 24 30 36
Months Since Graduation Months Since Graduation
C. Salaries
25+
M Mean: 177909
M SD: 58129
F Mean: 152970
207 F SD: 52798
_ 15
g’ Men
s Women
10+
5
oA
T T T T T
0 100000 200000 300000 400000

salary

Notes: This figure displays gender gaps in career outcomes among tech workers. Panel A displays the share of men
and women promoted to senior positions each month since graduation. Panel B displays the equivalent for managerial
positions. Panel C displays the distribution of salaries by gender.
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FIGURE 7. Evolution of task importance by gender
36
34+
Men

32 Women

30

Share of Tasks That Are High Priority (%)

28

T T
0 6 12 18 24 30 36
Months Since Start of Employment

Notes: This figure displays the share of tasks that are high priority (Jira priority levels 3 or 4) over time, broken down by
gender. The sample is restricted to workers in junior positions.
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FIGURE 8. Task completion rates by gender
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.94+
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Notes: This figure displays the fraction of tasks completed, broken down by priority level and gender.

FIGURE 9. Task type by gender

507 B Ven
[ Women

T T T T
Ul Changes Data Analysis Debugging Project Planning

N w N
o o o
1 1 1

Share of Classified Tasks (%)

—_
o
1

Notes: This figure displays the share of tasks falling into each category, broken down by gender. Task categories are
derived from an unsupervised clustering of Jira issue text descriptions.
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Tables

TABLE 1. Regression estimates of learning curves for simple vs. complex tasks

A. All Engineers

First Year First 3 Years
(1) () ®3) 4) (5) (6) () 8)
Junior Tasks Junior Tasks Senior Tasks Senior Tasks Junior Tasks Junior Tasks Senior Tasks Senior Tasks

Experience -0.146™* -0.176*** -0.112*** -0.127*** -0.137** -0.163** -0.105"* -0.114™*
(0.00189) (0.00218) (0.00222) (0.00251) (0.00106) (0.00125) (0.00121) (0.00140)
Months Since Start 0.0236™** 0.0127*** 0.00667*** 0.00265***
(0.000864) (0.000998) (0.000173) (0.000199)

Observations 178889 178889 141693 141693 466971 466971 376789 376789

Standard errors in parentheses

*p <0.05,* p<0.01,** p<0.001

B. Junior vs. Senior Engineers in First Year

Junior Engineers Senior Engineers
(1 @) ®3) 4) 5) (6) () 8)
Junior Tasks Junior Tasks Senior Tasks Senior Tasks Junior Tasks Junior Tasks Senior Tasks Senior Tasks

Experience -0.165" -0.205*"* -0.102** -0.110"* -0.132"* -0.160*** -0.143** -0.175**
(0.00230) (0.00269) (0.00363) (0.00406) (0.00341) (0.00391) (0.00290) (0.00337)
Months Since Start 0.0299"* 0.00739"* 0.0215"* 0.0251"*
(0.00107) (0.00154) (0.00148) (0.00132)

Observations 112218 112218 64893 64893 66671 66671 76800 76800

Standard errors in parentheses

* p <005, p <001, p<0.001
Notes: This table displays estimates of learning rates for simple vs. complex tasks from regressions of the form log S; =
a+ plog E; + &;, where S; is the average number of days taken to complete tasks assigned in month ¢ since the worker
joined the firm, and E; is the cumulative number of tasks of the corresponding type completed in months 1 through
t — 1. Coefficients can be interpreted as elasticities: the percent change in average completion time associated with a one
percent increase in prior tasks completed. Columns (2), (4), (6), and (8) of each panel additionally include a control for the
number of months since the worker joined the firm; columns (1), (3), (5), and (7) do not. Panel A pools all engineers and
reports estimates separately for workers’ first year and first three years at the firm. Panel B restricts to workers’ first year
at the firm and reports estimates separately for engineers in junior and senior job titles. The unit of observation is the
worker-month. Standard errors clustered at the worker level are reported in parentheses.

24



Appendix Figures

FIGURE 1. Role descriptions in analysis sample

Management -
Qual. Assur. - I
Strategy I
Data I
Other Senllor Workers
I Junior Workers
T T T T T
0 20 40 60 80

Share of Workers Monitored by Jellyfish (%)

Notes: This figure shows percent of workers in different job roles, broken down by junior versus senior workers.
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FIGURE 2. Validation of complexity predictions

A. Predicted complexity, by worker seniority

.05+

[ Tasks Assigned to Junior Workers
[ | Tasks Assigned to Senior Workers

Fraction of Tasks

0 2 4 6 8 1
Predicted Probability Task Assigned to Senior Worker

B. Predicted vs. Actual complexity, across task categories

45+

.
User-facing Qa

40+

35

Predicted Seniority Share (%)

¢ Task Category
45-Degree Line

T T T
35 40 45
Actual Seniority Share (%)

C. Predicted vs. Actual Complexity, Within Task Categories

.87

oI I I I I I I I

Pooled De-l Bugglng Dala Documen(anon New Fealures Qualny Refacmrlng User-| Faclng
Assurance

Correlation Between Predicted and Actual Seniority
i i

Notes: This figure shows validation exercises for the complexity prediction. Panel A displays the distribution of predicted
complexity among tasks assigned to senior workers and to junior workers. Panel B displays the relationship between
actual and predicted complexity share for several categories of tasks. The x-axis displays the share of tasks in each
category that are actually assigned to a senior worker; the y-axis displays the share of tasks in each category that are
predicted to be assigned to a senior worker. Panel C displays the correlation between actual and predicted complexity
within each task category. Task categories are derived from Jira labels that are manually inputted by workers.
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FIGURE 3. Decomposition of sources of incomplete pass-through in first stage of instrumental-variables
design

.02+

Slope: 0.12 °
(s.e. =0.004) °
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-.01+4
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Notes: This figure presents a binned scatterplot in which the x-axis variable is the mean complexity of tasks within a team
one quarter prior to a new worker’s entry, and the y-axis variable is the mean complexity of tasks within a team during
the quarter of the new worker’s entry. The slope and standard error from a corresponding regression are displayed in the
top left corner of the figure.
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FIGURE 4. Learning curves — balanced panel

A. All workers
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Notes: This figure displays the “learning curves” associated with simple and complex tasks — i.e., the average amount of
time taken to complete tasks assigned in each month since a worker’s start at the firm. This figure uses a balanced panel,
restricting attention to workers who are at the firm for 3+ years.
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FIGURE 5. Balance check for instrumental variables design

A. Prior experience and task difficulty upon entry
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Notes: This figure presents placebo outcome tests for our instrumental variables design. Panel A displays a binned
scatterplot in which the sample is new entrants to a firm, the x-axis is their team’s mean complexity of issues in the
quarter prior to entry, and the y-axis is the experience of the new hire, measured in years relative to college graduation.
The coefficient and standard error from a regression of years of experience on team mean complexity are displayed in the
top left corner. Panel B replicates Panel A, instead using the probability that the new hire attended a selective college as
the y-axis variable.
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Appendix Tables

TABLE 1. Summary statistics in analysis sample

Panel A: Summary statistics for workers

Mean Standard Deviation

Male (%) 81.4 -
Managerial role (%) 17.0 -
Senior role (%) 40.5 -
Salary ($) 129,275.2 62,241.55

Panel B: Summary statistics for firms

Mean Standard Deviation
NAICS: Professional, scientific, technical services (%) 62.7 -

NAICS: Retail (%) 5.6 -
NAICS: Wholesale (%) 4.5 -
NAICS: Manufacturing (%) 4.1 -

Notes: Table displays summary statistics about the analysis sample. Panel A displays summary statistics about the workers,
including the percent male, percent in managerial positions, percent in senior engineering roles, and salary distribution.
Panel B displays summary statistics about the firms, including the number of employees and industries.

30



TABLE 2. Examples of complexity assigned to tasks

Panel A: Examples of Tasks Predicted to be Junior

Task Description Predicted Seniority
Fix misaligned Save button on settings modal in Safari 0.0874
Update error message text on password reset page 0.112
Bump lodash version to resolve Dependabot alert 0.143
Add unit tests for date parsing helper 0.228
Rename usr_idtouser_id in CSV export 0.291

Panel B: Examples of Tasks Predicted to be Senior

Task Description Predicted Seniority
Define SLOs for payments API and propose alerting thresholds 0.702
Deprecation plan for vl REST endpoints. Coordinate migration 0.768

timeline with dependent teams.

Scope Q4 roadmap items in engineer-weeks and identify 0.824
cross-team dependencies.

Evaluate build vs. buy for feature flag service. Present 0.869
recommendation to Eng leadership.

Design sharding strategy for events table ahead of Q3 traffic 0.931
growth. Write RFC and review with Platform team.

Notes: This table shows stylized illustrative examples of task descriptions alongside the complexity levels predicted by
the classification algorithm described in Section 2.4. Predicted complexity is the fitted probability that a task is assigned
to a senior rather than a junior worker. Panel A shows tasks predicted to be simple (predicted complexity < 0.5); Panel B
shows tasks predicted to be complex (predicted complexity > 0.5).
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