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Extracting typical career paths from large-scale and unstructured talent profiles has recently attracted in-
creasing research attention. However, various challenges arise in effectively analyzing self-reported career
records. Inspired by recent advancements in neural networks and embedding models, we develop a novel
career path clustering approach and apply it to uncover information technology (IT) career path patterns.
Specifically, we construct employment profiles of over 60,000 IT professionals, and form their career path
sequences by chaining the job records in each profile. Then we simultaneously learn cluster-wise job embed-
dings and construct career path clusters. The resultant cluster-wise likelihoods of career paths can quantify
their soft bonding with different clusters, and the job embeddings can reveal connections among job titles
within each cluster. With both real and simulated data, we conduct extensive experiments with our frame-
work to establish the modeling performance and great improvement over the traditional optimal matching
analysis methods. The empirical results from analyzing real data on career paths show that our approach can
discover distinct IT career path patterns and reveal valuable insights.
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1 Introduction

The wide adoption of employment-oriented online services has facilitated novel research investi-
gations on professional career patterns with rich career data. The research on professional careers
is particularly important for industries where talents change jobs frequently. For instance, an in-
formation technology (IT) professional typically transitions between job roles every one or
two years, building up a career trajectory comprised of a series of job positions. Personal income
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growth is usually linked to transitions in employment throughout one’s career development [44].
There is a significant interest in identifying common sequential patterns from a substantial volume
of career path records. From a practical perspective, the identification of career patterns has the
potential to assist in a range of applications such as job recommendation, career planning, and
talent management [27]. For example, knowing the typical career trajectories and transitions can
facilitate individuals in making well-informed choices regarding their career advancement. From
a societal perspective, identifying career patterns from a large population can assist in tackling
issues related to social advancement and workforce diversity. For instance, it can help identify bar-
riers to career advancement and opportunities for social mobility, thus promoting equal access to
career opportunities for all individuals of society. Analyzing career patterns can also help uncover
disparities in representation among different demographic groups in specific fields or professions,
which can further guide efforts to foster diversity and inclusion in the workforce.

Previous research have delved into the problem of career path characterization. Early studies
adopted the optimal matching analysis (OMA) [43], a sequence analysis method suitable for
career path clustering. These methods rely on a two-step process. Firstly, the similarity between
each pair of sequences is evaluated using edit distance, which quantifies the cost of editing one
sequence into another. In the second stage, a clustering algorithm is utilized to generate sequence
clusters by analyzing the pairwise similarity matrix. For instance, Biemann and Wolf [11] em-
ployed such methods to identify six career patterns of top management team members, which are
determined by their international experience, organizational tenure, and professional experience.
Biemann et al. [12] investigated the impact of socio-demographic factors on individuals’ adherence
to specific career trajectory patterns. A detailed review conducted by Dlouhy and Biemann [17] un-
derscored the importance of longitudinal research that centers on the progression of occupational
states in the investigation of career development.

The emergence of online talent networking platforms (e.g., LinkedIn) has sparked a resurgence
in exploring extensive and unstructured career path data for research purposes. These platforms
are now recognized as “a valuable and reliable source for investigating the human resource-related
problems” [54]. However, conventional career path characterization approaches are inadequate for
analyzing self-reported data due to several challenges. First, they operate under the assumption
that the elements (e.g., job titles) are equally discernible within the sequences. In reality, some job
titles are much more similar to each other than other job titles in our data. Conventional methods
do not take into account weighted distances when estimating the cost of editing one sequence
into another. Second, the weighted distances between sequence elements are unavailable to extend
these methods for the task of career path characterization. Analyzing raw career records becomes
increasingly challenging as self-reported job titles on online talent networking platforms are much
more intricate compared to the job titles in the aforementioned studies. As an example, there are
over 48 K unique job titles within our data. Third, as highlighted by Lappas [31], clusters of career
trajectories exhibit inherent ambiguity and cannot be easily reduced to standard prototype paths.
Therefore, clustering approaches that rely on the aggregated centroids and hard clustering labels
may overlook fine-grained information present in the large-scale career trajectory data. We need
a quantitative measure to accurately assess the distances between job titles, facilitating clustering
analysis of a vast array of job sequences.

To tackle these obstacles, we introduce an approach based on sequential job embedding and
mixture Markov models. There are two unique differences in our approach compared with the
conventional OMA-based approaches. First, we employ optimization and statistical approaches to
learn latent embeddings of job titles. The latent embeddings have the capability to represent the
relationship between both the concepts of “functionality” and “responsibility” among raw job titles
as demonstrated by Liu et al. [32] in their study. This is achieved by mapping each term within
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Fig. 1. A conceptual diagram of our career path clustering approach.

job titles to a common Euclidean space, allowing for the modeling of career paths using a Markov
assumption. Second, we substitute conventional cluster centroids with a mixture of probabilistic
models that are effective at handling the heterogeneous nature of real-world career paths. By in-
corporating latent embeddings of job titles and a mixture of Markov models, our model effectively
tackles the dual challenges presented when analyzing extensive career path data.

We demonstrate the procedure of our method in Figure 1. Essentially, our objective is to iden-
tify cohesive groupings of career paths that exhibit the following characteristics: (1) the clusters
are distinctive; (2) each cluster is associated with a significant number of individuals and their
career trajectories; and (3) the collective clusters can effectively represent the career paths of the
majority. Let’s start with talents’ employment profiles (Phase A). An average employment profile
typically comprises the individual’s historical and current employment information, consisting of
job titles and the respective duration of employment for each position held. We arrange the job
records chronologically for each profile to form a career path (Phase B). Note that the duration
of each employment record is indicated in our coding scheme as it serves to signify the level of
significance of the role within the respective career path. In Phase C, we employ the Embedded
Mixture Markov Models (EMMMs) to simultaneously learn cluster-wise job embeddings and
construct career path clusters. The likelihood of each career path’s association with a cluster is
computed through the proximity measurement of sequentially adjacent job titles in the embedded
space. The optimal assignments of career paths are then learned by repeatedly selecting the clus-
ter with the highest estimated likelihood. Meanwhile, job embeddings specific to each career are
adjusted to capture unique attributes associated with clusters. In contrast to conventional OMA-
based approaches and other categorical sequence clustering methods, our embedding-based model
is adept at handling careers that involve sequentially overlapping job positions, as exemplified by
the fourth talent’s career path in Figure 1. It is a common case for individuals who concurrently
hold multiple professional positions throughout their careers. Once the model training process
reaches convergence, the cluster-specific likelihoods of career paths explicitly measure their level
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of association with the respective clusters (Phase D). The resultant job embeddings generated by
our model capture underlying relationships among various job titles within individual clusters.

Utilizing our methodology enables us to explore important research questions using extensive
career trajectory data. Specifically, we attempt to uncover significant gender differences in the ca-
reer advancement of the IT workforce. We construct several key career advancement metrics and
conduct in-depth analyses to reveal differences in the career scores between men and women. We
also show that the career path clusters constructed by our approach could not only greatly dif-
ferentiate the clusters of career path advancement, but also improve our ability to capture gender
career advancement disparity. Overall, our proposed clustering method demonstrates high efficacy
in clustering IT workforce career paths and discerning cluster-wise differences in various metrics.
Our analysis also demonstrates the flexibility of our clustering approach for the inclusion of in-
dividual characteristics such as gender and other information, which is critical to support further
research investigations.

2 Literature Review

Our work is mainly associated with the extensive body of literature concerning career path studies.
Earlier research in this field employed surveys, interviews, and/or narratives methods to under-
stand career paths. Reich and Kaarst-Brown [41] carried out a case study involving 51 former
IT professionals using interviews and surveys to understand their career transitions from IT to
non-IT business roles. Later, through analyzing the narratives collected from a cohort of research
scientists Cohen [16] identified four typical career discourses of scientists. Idowu and Elbanna [24]
employed a qualitative and inductive research methodology, involving multiple data sources, to
offer a thorough and insightful exploration of the evolution of the work development trajectory of
crowdworkers. However, early methodologies heavily depended on subjective self-expressions of
identity and retrospective sense-making and, unfortunately, have not been widely adopted in re-
cent career path studies [50]. Instead, recent researchers have transitioned their focus toward data-
driven approaches. For example, Agarwal and Ohyama [3] employed multiple regression analysis
techniques to investigate the career paths of scientists in terms of their focus on basic or applied
science and their choice between industry and academia. Their objective was to investigate the
impact of scientists’ varied career trajectories, as well as their individual skills and preferences, on
their career decisions and subsequent income growth.

2.1 Career Path Characterization

Among the myriad studies conducted on career trajectories, the research community has shown
significant interest in the problem of career path characterization. Due to the sequential nature of
career paths, the majority of researchers have utilized sequence analysis and clustering methods.
Abbott and Hrycak [1] played a significant role as one of the early contributors in this area. Their
research was instrumental in introducing the optimal matching algorithm (OMA) for determin-
ing the prototype careers of German musicians. Later, Blair-Loy [13] used the optimal matching
techniques and the complete linkage-based clustering method to classify the careers of female fi-
nance executives into four career types. On the other hand, numerous studies have concentrated
on the careers of top-level executives. Biemann and Wolf [11] utilized OMA to develop six career
patterns for top management (TMT) members from five different nations, considering factors such
as international experience, organizational tenure, and professional experience. In a more recent
publication, Koch et al. [30] examined the career trajectories of Chief Executive Officers (CEOs)
in Fortune 100 companies. Similarly, they used OMA in conjunction with hierarchical cluster anal-
ysis to identify unique clusters within CEOs’ career paths and to gain a better understanding
of the factors driving these individuals to attain top management positions. In summary, these
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methods tend to categorize career paths in a two-step process. The initial step involves calculating
pairwise distances between career sequences, predominantly through the utilization of the OMA
technique. Then, various clustering methodologies are utilized on the distance matrix to categorize
job sequences into distinct clusters. This two-step method is often successful, particularly in cases
where there is low heterogeneity in job titles.

With the expansion of the IT sector, there has been a notable increase in interests in exploring
career paths of IT workforce. Following the same two-step process, Joseph et al. [27] performed
an in-depth analysis on characterizing the IT workforce’s careers using the OMA approach and
a hierarchical agglomerative clustering technique. The study provides an in-depth analysis of the
careers and professional experiences of IT professionals, and at the same time, highlighting the
research challenge posed by the significant diversity found in the profiles of these individuals. In
a similar vein, Lappas [31] also noted that careers of the IT workforce are more diverse than the
traditional view of a dual IT career path (technical versus managerial) and are growing in hetero-
geneity due to a volatile environment. To tacles these challenges, Lappas [31] proposed a novel
two-step approach to identify the prototype career paths of the IT workforce. The author initially
grouped job titles by utilizing an Agglomerative Clustering (AC) algorithm to job description
embeddings learned via the Distributed Memory Model (DMM). Then, several career proto-
types are discovered via a graph-based clique finder algorithm. Note that our study is connected
to Lappas [31]’s work in the following aspects. First, both of our studies shares a common focus
on career paths clustering of the IT workforce. Second, both employ embedding-based techniques
to assess the “similarity” between job titles. Our approach, however, does not necessitate a distinct
secondary stage for sequence clustering. Instead, we learn job term/title embeddings and sequence
clusters in a concurrent manner.

2.2 Occupational Skills Identification

Although our work is not specifically designed to identify or extract occupation and job skills in-
formation, we derive implicit representations (i.e., embeddings) of job titles associated with each
career path cluster. We therefore would like to also discuss relevant studies on occupational skills
identification. For example, Javed et al. [26] introduced a system named SKILL to address the
skills gap in the labor market by accurately detecting and normalizing skills from resumes and job
postings. They combined semantic word vectors and a Markov Chain Monte Carlo (MCMC)
approach for skill detection and sense disambiguation. Bhola et al. [9] addresses the problem of
identifying relevant job skills from textual job descriptions (JDs), which often omit crucial skills
due to communication gaps between employers and recruiters. They introduced BERT-XMLC, a
deep learning framework utilizing pre-trained BERT language models to encode textual JDs and
predict relevant skills. Both of these works focus on extracting skills using unsupervised methods,
whereas Gugnani and Misra [20] proposed a supervised framework for skill extraction and job
recommendation. Specifically, their method combines NLP techniques like NER, PoS tagging, and
Word2Vec for skill extraction from text. Implicit skills are inferred using a Doc2Vec model to find
similar JDs. Skills are matched to resumes via a bi-directional algorithm that computes an Affin-
ity Score to rank job recommendations. A significant milestone is the comprehensive review by
Khaouja et al. [28], which examined 108 studies from 2010 to 2020 on methods and applications
for extracting skills from job advertisements. It highlights the evolution from traditional methods
like skill counting to advanced Al approaches, such as deep learning and word embeddings, for
extracting explicit and implicit skills. Applications include job market analysis, curriculum devel-
opment, and skill mismatch detection, with emerging areas like gender bias detection and skill
demand prediction. The study underscores the need for standardized datasets and advanced mod-
eling techniques to better align labor market needs with workforce training. Another notable study
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comes from Hosseinioun et al. [22] which focuses on nested skills. The authors investigated the
interdependent structure of skills within labor markets, revealing a hierarchical “skill tree” that
connects foundational, general skills to specialized, niche skills. By analyzing extensive U.S. sur-
vey data and job transitions, they show how nested skills create pathways for career advancement
and wage premiums. It highlights significant disparities across gender and racial/ethnic groups in
accessing these nested skill pathways, which are crucial for upward mobility.

Our research aligns with several of the studies mentioned above [e.g, 9, 20] particularly in the
application of embedding learnings for occupations or skills. This technique enables more accurate
occupation and skill inference, and personalized career guidance by capturing semantic relation-
ships and dependencies between skills and occupations. This improves workforce alignment and
adapts dynamically to evolving labor market needs. However, the main distinction of our work
lies in its focus on identifying career path patterns and automatically clustering career sequences,
which provides valuable career insights. As we will elaborate later, the job title or term embeddings
learned during this process also yield interesting findings, albeit as a secondary outcome.

2.3 Categorical Sequence Clustering

In addition to career path studies, our research also contributes to the field of general categorical se-
quence clustering [4]. In comparison to conventional item clustering, the categorical sequence clus-
tering problem is known to present several notable challenges [5]. First, categorical sequences often
exhibit high dimensionality, which makes data handling rather complicated. Secondly, and more
importantly, calculating the similarity or distance between categorical sequences can be challeng-
ing due to potential noise and variations in their lengths. According to Bicego et al. [10], sequential
data clustering methods can be classified into three categories. The first is proximity-based, which
focuses on devising similarity or distance measures between sequences, followed by a standard
clustering method based on the sequence distances. They are commonly referred to as raw-data-
based methodologies since they typically involve direct processing of raw sequence data. As a re-
sult of this characteristic, they encounter various challenges such as sensitivity to noise, amplitude
scaling, longitudinal scaling, discontinuities, and temporal drifts [5]. The two-step approach based
on OMA as discussed earlier falls into this category. The second category involves a feature-based
approach, which focuses on extracting temporal features from each sequence. This method then
simplifies sequence clustering into a more manageable item or point clustering problem. In con-
trast to proximity-based methods, feature-based methods operate with transformed features rather
than raw sequences. Therefore, they are more computationally efficient and better for large-scale
data sets. The last category encompasses the model-based approaches, which assume an analytical
model for each cluster and aim to establish the most suitable set of such models that aligns best
with the data. Common models in this context include time series models, spectral models, and
finite state machines like hidden Markov models (HMM). While model-based approaches are
widely favored for their adaptability across various applications, they may suffer from scalability
and performance deterioration when faced with intricate data and clusters [5].

Note that model-based approaches have grown in popularity over the years, particularly with
HMMs emerging as a focal point in the realm of sequence modeling. In an early study by Smyth
[45], the problem of sequence clustering was viewed as a generalization of the standard mix-
ture model approach to clustering in feature space and developed an HMMs-based solution. Like-
wise, Bicego et al. [10] also employed the HMMs to cluster sequence data. They quantified the
similarity between sequences as the proximity of the represented vectors in a new representa-
tion space generated using HMMs. Moreover, Xiong et al. [52] proposed a non-HMMs Markov
model to approximate the conditional probability distribution (CPD) model, which was sub-
sequently employed to develop a novel two-tier Markov model to represent a sequence cluster.
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Utilizing this framework, a divisive hierarchical algorithm was implemented to cluster categorical
sequences.

Another relevant study was identified in the work by Chen et al. [15] on playlist generation.
In contrast to previous studies that concentrated on categorical sequence clustering, the authors
opted to address the playlist generation issue by employing a Latent Markov Embedding (LME)
model. In their approach, sequences (playlists) are treated as Markov chains in a latent space, and
each element (song) is represented as a point in the same space. The LME algorithm does not
consider sequence elements as isolated entities without metric properties; instead, it provides gen-
eralized representations within a Euclidean space. The concept of sequence modeling can be ef-
fectively applied to address the problem of sequence clustering. Essentially, our proposed solution
in this paper builds upon their idea. In our modeling of sequences, we regard each job term (as
opposed to job title) as a data point within the latent space. This approach aims to enhance the
representation of semantic relationships among job titles, particularly in cases where they share
common or resembling terms.

In summary, our methodology offers distinct advantages compared to prior research when it
comes to categorical sequence clustering problems. First, our solution, unlike OMA-based methods,
does not require a job title coding scheme and provides greater flexibility through the transforma-
tion of job titles into meaningful latent representations. Second, our model integrates the process
of sequence clustering with the learning of job term/title embeddings. Our clustering approach is
considered “soft” as job sequences are not rigidly assigned to clusters but rather are probabilisti-
cally associated with clusters based on the likelihood of the cluster model. Third, our model can
effectively manage more complex scenarios of career path clustering, including job sequences with
overlapping employment records, through the utilization of the embedding technique. And the job
title embeddings derived from this process encapsulate valuable semantic information, proving
beneficial for further research endeavors.

In addition, our empirical analysis utilizes the career path clusters to explore gender inequality
in the career advancement of IT professionals. Our research thus joins the literature on the dis-
cussion of gender differences in IT workforce. Prior literature in IT workforce research has paid
some attention to gender differences in IT professionals regarding their commitment [18], turnover
[33], roles of workplace culture [51], job embeddedness [42], and retention [48]. Our research con-
tributes to the research of gender differences in IT workforce [e.g., 19, 21] where relatively little
attention is paid to career advancement with a handful of exceptions [e.g., 6, 34].

3 Data Description and Summary

Our data are collected from LinkedIn, the world’s largest professional networking platform, which
enables members to create occupational profiles and network with other professionals. As of
February 2024, it had 1 billion members from more than 200 countries and territories worldwide.’
Our study focuses on IT-related career trajectories through intentionally limiting the industry key-
words to a predefined list (Figure A.1 in Appendix A). We gather data by randomly collecting
LinkedIn user profiles that include any of the industry keywords from this list. Around 80% of
users are from within the following four industry sectors: Information Technology and Services,
Computer Software, Telecommunications, and Internet. This process left us with a dataset contain-
ing around 61, 000 individuals.

In our study, we explore three specific types of career-related constructs, that is, job sequence, job
title, and job term. A job sequence pertains to the career trajectory of a professional, delineated as a
sequential lineup of job titles. A job title is a descriptive phrase that clearly defines the functionality

Thttps://about.linkedin.com/
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Table 1. Top 20 Most Frequent Terms in RES and FUN

RES  manager, engineer, senior, analyst, consultant, developer, director, lead, specialist, assistant, technician,
administrator, president, architect, executive, owner, programmer, principal, associate, founder

FUN  software, technical, support, business, project, systems, development, network, operations, system,
service, services, technology, product, engineering, marketing, web, customer, team, program

Table 2. Descriptive Statistics for Our Dataset

Variable Count || Variable Mean Std Min Max
# Career paths (talents) 61,505

# Female talents 16,108

# Distinct job titles 48,359 || # Job titles per career 6.97 3.58 1 28
# Distinct job terms 825 # Job terms per job title 2.55  1.20 1 13
# Distinct FUN terms 572 # Years per career (tenure length) 15.79  6.69 1 29
# Distinct RES terms 253 Employment year 1,990 2,018

and responsibility of a particular role, such as “software engineer” and “project manager”. Job terms
refer to the specific words that make up a job title. Job terms can be classified into two genres
[32]: functionality (FUN) and responsibility (RES). For instance, the terms “software” and “engineer”
contribute to the job title “software engineer”, where “software” is a FUN term and “engineer” is a
RES term. The job titles found in all employment records within our data sample are quite diverse,
with a total of 48 K different phrases. These job titles include 825 distinct terms, 572 of which are
FUN terms and 253 of which are RES terms. We present a list of the twenty most commonly found
terms in the genres of RES and FUN, as detailed in Table 1. Examples of RES terms include manager,
engineer, senior, and analyst, while FUN terms include software, technical, systems, and product.

Table 2 presents a comprehensive overview of the descriptive statistics of data sample. On aver-
age, a job title consists of 2.55 terms, while a job sequence comprises 6.69 titles. The distribution
of job sequence length (number of job titles) (Figure A.2 in Appendix A) reveals that a significant
majority of job sequences consist of ten or fewer job titles. And the distribution of career tenure
(Figure A.3 in Appendix A) highlights that a predominant portion of careers last between 5 to
15 years. Talents typically have an average career tenure of 15.79 years. The most frequently used
job titles are software engineer, software developer, consultant, and manager (as shown by a Word
Cloud in Figure A.4 in Appendix A), reflecting our study’s focus on the IT sector.

4 Methodology
4.1 Problem Formulation

We consider a set of career path sequences {S, : n = 1,2,...,N}, where S, =< s7,s7,
Sys. .. ,sl’gnl > is the nth sequence, and s!' € S is the ith job title in the sequence and § is the
set of unique job titles from all career path sequences. Note that the length of each sequence |S,,|
varies for different job sequences. Since job titles can be collected on a regular basis (e.g., quarterly
or yearly) or just when a job change is detected, the sequence length can reflect the duration of
a career or the frequency of job changes, respectively. Given a large number of such career path
sequences, we seek to construct M career path clusters {C;,Cs, . ..,Cy}, where each cluster can
capture similar career path dynamics for a set of talents. The key mathematical notations used in
this document are outlined in Table 3.

4.2 Sequence Clustering with Embedded Markov Models

Our method is designed to construct M clusters of career paths while simultaneously estimates
the Embedded Markov Model (EMM) parameters for each cluster. To cluster career paths into
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Table 3. Mathematical Notations

Variable Remarks

S set of career path sequences

N total number of career path sequences
M number of clusters

Sn nth career path sequence

s ith job title in the nth sequence

w job term in job title s}’

Cm mth career path cluster

Om cluster-wise EMM parameters for cluster C,,
D dimensionality of the embedding space
Upm(s]) embedding of job title s’ in cluster m
U (W) embedding of job term w in cluster m

M clusters, we randomly assign all paths to M disjoint subsets as initial clusters and then iterate
the following two steps until convergence:

Step 1: Estimate the cluster-wise EMM parameters 6,, for all paths in cluster Cp,, for m =
1,2,...,M. The cluster C,, is defined as:

Cm < {Sn : argmax Pr(S,[0,y) = m}. (1)
m
Step 2: Assign each path S, to the cluster C,, with the highest likelihood, i.e.:
m « arg max Pr(S,|0,,). (2)
oy

For better illustration purposes, Figure 2 provides a holistic view of our methodology. We start by
discussing the EMM and the probabilistic model Pr(S,|0,,) ((A) Transition Probability Computation
in Figure 2). Note that 0,, represents the parameters of cluster-wise EMM, which is estimated to
maximize the likelihood:

Pr(6,,|Cp,) o< Pr(Cpp,|6y,) Pr(61,), (3)
where
Pr(ConlOm) = [ | Pr(SalOm). (4)
SneCm
The parameterization with {60, : m = 1,2,..., M} and the consequent optimization problem are

the primary challenges in our methodology development.

Modeling career paths and job transitions with the Markov assumption is a natural approach,
where the probability of the career sequence S, is decomposed into the product of the transition
probabilities Pr(s} ; — s):

[Sn |
Pr(Sal0m) = | [ Pr(sTy — s710m). 5)
i=1

A straightforward next step to estimate transition probabilities is to count transition frequencies
between job titles of each cluster’s career sequences. However, this naive estimation will deem
distinct job titles completely independent. As explained in Section 1, there are important semantic
links among complex job titles. To capture these semantic links among job titles, we attempt to
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Fig. 2. An illustrative diagram of our EMMMs model.

learn their embeddings in an Euclidean metric space. To be specific, we define:

exp (—||Um(3?) - Um(s;il)”zz)

Pr(s?; — s0,) = 7T ,
m\S;_;

(6)

where
Zn(s11) = Y exp (<lom(s) = om()IE) - ()
seS
By this definition, job title embeddings are the optimal locations of job titles in a Euclidean metric
space such that the probabilistic likelihood of the sequence cluster Cy, in our data is maximized.
Finally, using our EMM approach, we have:

50 1/1n|

exp (—llom(s)) = vm(si)II3)
Pr(S,10m) = - -
1(Sn|0m) ll:ll Zm(s?—l)
Note that the probability is normalized by the sequence length |S,|, ensuring that our model will

not favor short sequences. The following subsections further elaborate on the details of the job
title embedding component to address the unique challenges of career path clustering tasks.

®)

4.3 Embedding of Job Titles via Job Terms

One difficulty in assessing self-reported career profiles is navigating the inherent complexity and
ambiguity in raw job titles. Our EMM architecture utilizes a metric embedding approach to address
this difficulty. To further reduce the modeling complexity, our method is capable of embedding job
titles at the term level. For instance, given job titles “software engineer” and ‘hardware engineer’,
our method learns embeddings of the terms “software”, “hardware”, and “engineer”. The embed-
ding of a job title is then computed by aggregating the embeddings of the job title’s terms, for
example, “software engineer” is embedded by aggregating the embeddings of “software” and “en-

gineer”. The key idea behind this type of term-level embedding is that “engineer” can share the
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same metric embedding, provided that both job titles indicate semantically similar skills and profes-
sional positions. Meanwhile, the embeddings of “software” and “hardware”, respectively, capture
the distinctions between the two job positions.

Specifically, we consider each job title s? as a set of terms {w € s!'} ((B) Title Embedding Ag-
gregation in Figure 2). To compute the embedding vp,(s?) of job title s in cluster m, we learn and
aggregate the term-level embeddings:

ou(sT) = = ) o) ©)

wes?

where v, (w) € RP is trainable embedding vector in the EMM learning process and D is the
dimensionality of the metric embedding space.

According to Table 2, using term-level embeddings can reduce the number of trainable embed-
dings from 48, 359 (distinct titles) to merely 825 (distinct terms), which is a considerable reduction
in modeling complexity. In our empirical studies, we will investigate the performance of the term-
level embedding approach from various aspects.

Additionally, our term-level embedding enables us to investigate the responsibility and func-
tionality of professionals, which would be impossible with a title-level embedding approach. As
we will discuss in Section 5, RES term embeddings computed using our approach can reveal promi-
nent semantic meanings in contrast to other pre-trained language embeddings. In a nutshell, job
terms with similar responsibilities appear closer in the embedded space.

4.4 Shared Embedding for Multiple EMM Clusters

The term-level embeddings 6,, = {v,(w) : w € W}, where W is the set of unique job terms,
are designed to capture the job transition probabilities via a Euclidean metric space for the job se-
quences in the mth cluster. On the one hand, the cluster-specific embedding space enables the
model to better fit the cluster-level job transition dynamics. However, on the other hand, the
cluster-independent estimates of the embedding vectors add complexity to the modeling and de-
teriorate the learning efficiency. To achieve a good balance between the modeling capacity and
complexity, we resort to the intuition of Hierarchical Bayes [7]. Specifically, we assume that the
cluster-level embeddings v,,(w) follow a Gaussian distribution with the global-level embeddings
vo(m) as the distribution mean. We thus define ((C) Term Embedding Update in Figure 2):

Om(W) = vo(W) + Sm (W), (10)

where J,,(w) is the difference between the term embeddings at the cluster and global levels, re-
spectively. By assuming 8,,(w) ~ N(0, op,), our model penalizes discrepancies in the embeddings
of the same term w across different clusters, essentially allowing the clusters to share information
for parameter estimation in the clustering phase.

Formally, let 0 = {6, : m = 1,2,..., M}, our shared embedding approach adopts the prior
distribution of the embedding vectors where the probability density is:

M
Pr(6) o l—l exp (_ ||Uo2(;4;)||2) exp (_ |I5m(w)||2) ’ (11)

2
m=1 0 20—"’1

where the first term assuming vo(w) ~ N(0, 0y) is used to control the overall modeling complexity,
and the second term assuming &,,(w) ~ N(0, op,) is used to learn shared embeddings for multiple
clusters.
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4.5 Overall Optimization and Implementation Details

With shared embeddings among a mixture of EMM clusters, we denote our method as Embedded
Mixture Markov Models (EMMMs). To estimate the term-level embeddings 0 = {0,,, = {v,(w) :
we W}l m=1,2,...,M}, in the EMMMs, we use the Negative Log Likelihood to define the loss
function as ((D) Loss Minimization in Figure 2):

M
L£(6.0) = - Z log (Pr(Cin|0m)) — log(Pr(6))

M
==, Z Log(Pr(Sy16,)) ~ log(Px(6)) (12)
m=1S5,eCp,
M [Sn|
Z Z 57 2o (1om(6T) = om(SL I + 1og(Zn(s{.1) = log(Pr(6))
Crm i=1
where we have log(Pr(0)) = MZ lvo(w)||? + Zm 1 202 |6 (W)||?) according to Equation (11) and

after dropping a constant term. The hyper-parameters in the loss function include the number of
clusters M, the embedding dimensionality D, and two regularization parameters oy and oy,.

We provide our algorithm’s pseudocode (Algorithm 1 in Appendix B) to optimize the loss func-
tion in Equation (12) with stochastic gradient descent procedures implemented using PyTorch [37]
and the Adam optimizer [29]. Following the common practice in using these tools, we employ an
automatic learning rate scheduler and meanwhile tune the weight decay parameter in Adam opti-
mizer to achieve a similar effect of tuning our hyper-parameters 6, and 6,,.

Although the optimization problem in Equation (12) is not convex, it is straightforward to show
that Algorithm 1 in Appendix B will converge to a local optimum. At each iteration, we first update
0 «— 0" = {0} with a fixed sequence assignment C,, = {S, : arg max,, Pr(S,|0,) = m} and
current model parameters 0 = {60,,}, where m = 1,2, ..., M. Note that, given the fixed sequence
assignment, our model parameters are learned using the maximum log-likelihood method. Thus,
we have L(0’,C) < L(6,C). In the second step, given the fixed embeddings 0, each sequence
Sn in cluster C,, will be assigned to a new (and possibly different) cluster C,,y with the maximal

likelihood:

Pr(Sul0],) > Pr(Sal0},). (13)
Thus, we have:
M
LO,C) == > logPr(8,10;,)) - log(Pr(0"))
m=1S5,€C,,
M (14)

<=2, D log(Pr(s,16;,) ~ log(Pr(6)

m=1S,eC,,

=L(0',C) < L(6,0).

We will provide more empirical convergence analysis in the next section.

5 Career Path Clustering in the IT Sector

In our experimental analysis, we first conduct experiments using synthetic datasets. This aims
to provide a thorough examination of different aspects of our model and validate the efficiency
of our method. The results of the experiments on synthetic datasets show that our model is able
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to achieve a high clustering performance, compared with other conventional sequence clustering
methods (e.g., OMA). More details are available in Appendix D.

In the following sections, we apply our model on a representative sample of real-world IT pro-
fessionals and present several interesting findings for discussion. Similar to other conventional
clustering models (e.g., K-means), one critical hyperparameter in our model is the number of clus-
ters. We adhere to a thorough process delineated in Appendix C.1 to determine the most suitable
number of clusters for our dataset. The resulting number of clusters is K = 8. We now proceed to
a series of analyses to understand the characteristics of these clusters of career paths.

5.1 Divergence of Clusters

A key benefit of our method is the flexibility of job title representations achieved through the
utilization of embedding techniques. Based upon the right assignment of career paths to clusters,
our model tends to bring closer the job titles from the same sequence in the high-dimensional
embedded space. Simply put, if our clustering method is successful, the distance covered by a
career path within its designated cluster should be shorter than the distance covered if it were
assigned to a different cluster. In this context, we formulate the following model evaluation metric.
Based on the clustering results, we compute job title embeddings in each cluster using Equation (9).
Then, we calculate the “length” of a job sequence in the embedded space as the sum of euclidean
distances between successive job titles. The “average length” of job sequences is thus defined as
L,, in cluster Cp,. On the other hand, for each cluster C,,, we estimate the “dispersion” of job titles
as the average distance of each point (representing a job term) to the cloud center, denoted as D,,.
Finally, we define the cluster’s career path divergence score (CPD,,) as the average sequence length
normalized by the job title dispersion, that is:

cpD,, = Lm. (15)

Dp,

It is noteworthy that a lower divergence score suggests more effective clustering process, as the
career paths assigned to each cluster are shorter in the embedded space.

As a benchmark, we construct another model that groups job sequences into a single cluster C*
and generates new embeddings for the same job titles. Our goal is to demonstrate the effectiveness
of our clustering approach in accurately categorizing job sequences into appropriate clusters, as
opposed to the scenario where no clustering is applied (referred to as the single-cluster case). This
assertion is affirmed if we observe a notable reduction of the job sequences length within the
embedded spaces. We calculate the career path divergence score of the same sequence assignments
using the eight-cluster embeddings (denoted as CPD,,,) and the single-cluster embedding (denoted
as CPD3)), respectively. In Figure 3, we compare CPD,, and CPD;, for each cluster as well as their
respective average CPD, represented by the horizontal lines. The figure reveals that grouping job
sequences into appropriate clusters significantly reduces divergence scores, demonstrating the
efficacy of our model.

Next, we utilize PCA [2] as a dimensionality reduction technique to transform high-dimensional
embeddings into two-dimensional vectors. This process enables us to visualize career paths as tra-
jectories within the embedding space. As a case study, we select one illustrative career path (identi-
fied with high log-likelihood) from each cluster and plot their projections on the two-dimensional
plane in Figure 4, where each point represents a projected job title. These career paths are depicted
on two separate sets of two-dimensional planes, corresponding to the results derived from (i) the
single-cluster model and (ii) the eight-cluster model. The figure in the top-left corner depicts the
outcomes of the single-cluster model for the eight exemplary career paths, while the subsequent
eight figures display the separate clusters identified through the eight-cluster model. It is evident
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Fig. 3. Divergence scores from the eight-cluster and single-cluster models.

that the connected dots in the first figure are considerably more scattered compared the dots in the
other eight figures. This example once more showcases the effectiveness of our model in learning
cluster-specific job title representations and producing proper job sequence assignments.

5.2 Cluster-wise Job Title Distribution

To better understand the unique characteristics of career paths inside each cluster, we visualize the
majority of job titles for each cluster using Word Cloud plots in Figure 5 (in contrast to the holistic
view in Figure A.4 in Appendix A). Upon initial observation, we have identified commonalities
among Cluster 0, 3, and 6, as they all have a substantial amount of job titles associated with the
role of a manager. With further analysis, we observer that Cluster 0 comprises individuals who
possess extensive experience in software development, whereas Cluster 3 primarily comprises
individuals with a background in network engineering. In Cluster 6, there is a notable trend of
career progression from the role of a software engineer to that of a project manager. On the other
hand, the job titles in Clusters 2 and 4 are more distinctive compared to others. Cluster 2 offers
various career paths that lead to upper management positions such as president and executive.
Cluster 4 is distinctive as it includes a higher concentration of job titles associated with the roles
of a business analyst and consultant.

In addition, Clusters 1, 5, and 7 appear to be similar as they contain more job titles related to
software engineer and senior software engineer. To further examine the differences among the three
clusters, we have utilized a heatmap to visualize the distributions of starting job titles, as illustrated
in Figure 6. An interesting observation is that, within Cluster 1, individuals typically start their
professional career in the capacity of an intern, subsequently advancing to positions of software
engineer and senior software engineer. Clusters 5 and 7 are less distinguishable, showing a higher
similarity in career trajectories that originate from a background as a software engineer. In this re-
gard, we have created a Sankey diagram (Figure C.3 in Appendix C.2), which illustrates all career
paths stemming from the initial role of a software engineer. It is observed that most professionals
starting with the job title of a software engineer are categorized within Clusters 5 and 7, consistent
with the pattern illustrated in Figure 6. Additional scrutiny reveals that Cluster 7 pertains to indi-
viduals who persist in a regular software engineer position for an extended duration. In contrast,
Cluster 5 captures those who attain promotions to senior software engineer or lead software engi-
neer within a shorter timeframe. Cluster 6 also includes a significant number of software engineer
titles, with employees who have been promoted to senior software engineer after a relatively longer
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Fig. 4. Visualization of career paths on two-dimensional planes.

period. Our findings highlight the effectiveness of our approach in delineating distinct career paths,
even in cases where employees share similar job titles.

5.3 Job Term Embeddings

In addition to job sequence clustering, our model is designed to generate global job term embed-
dings vy(w) that contain shared knowledge of job titles among clusters. In this section, we will
delve deeper into the job of RES. In general, job titles like intern and assistant are considered
Jjunior-level positions; associate and manager are senior-level ones; and CEO, CFO, CTO, and partner
associate with top(executive)-level positions. The purpose of this investigation is to examine if the
job embeddings derived from our model can reveal implicit insights into job hierarchy. We begin
by scattering and labeling several representative job terms based on their two-dimensional projec-
tions derived from PCA in vy(w) as illustrated in Figure 7(a). The visualization indicates that the
top-level terms are centralized in the plot, surrounded by the junior-level terms. The distribution of
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these job terms reveals their respective hierarchical levels. For comparison, we use a pre-trained
word embedding model glove-wiki-gigaword-50 to produce new embeddings of these same job
terms. This model is based on GloVe [38] and was trained using the Wikipedia 2014 + Gigaword
5 dataset with an embedding dimensionality of 50.% In a similar manner, we distribute these job
terms on another two-dimensional plane based on their PCA transformations in Figure 7(b). In
this plot, there is no clear hierarchical pattern observed in how these job titles are distributed.

https://nlp.stanford.edu/projects/glove/
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Fig. 7. Scatter plots of the RES terms on two-dimensional planes.

6 Cluster and Gender Differences in Career Advancement

In this section, we aim to further study the efficacy of our clustering method with an emphasis
on relating to gender differences in career advancement of the IT workforce. We first implement
a semi-supervised learning method to find the scores of several important aspects of the job titles,
including title change frequency, technicality, hierarchy, independence, and entrepreneurship. The
first score is the average year per title change, which measures the average duration of a title before
a change to the next. This score is the reciprocal of the number of title changes per year. A longer
average duration between consecutive titles indicates a less frequent change of titles on a yearly
basis. The second score is on the technicality of the job title, which ranges from 1 (a pure technical
title) to 0 (purely administrative or management job title). The third score is on the hierarchy
of a job title, which ranges from 5 (executive) to 1 (entry-level), with 4 (director), 3 (manager),
and 2 (senior) in between. The hierarchy score reflects the level of the position of an individual
in a company. The fourth score is on measuring the independence of a job title, which ranges
from 1 (a contractor or consultant) to 0 (full-time employee). The independence score reflects the
extent of IT worker operates in a self-employed fashion. The fifth and last score is on measuring
entrepreneurship, which ranges from 1 (founder or co-founder of a company) to 0 (employee). The
entrepreneurship score reflects not only workers’ experience in founding new businesses but also
a distinct career choice.

The semi-supervised score construction, although not perfect, can support our investigation
by providing an expedient and efficient way of measuring IT career advancement. The semi-
supervised learning process works as follows. The first step involves identifying the top 300 most
frequent or prominent job titles, denoted as Sr. Then, all authors of this paper assign ratings to
each aspect of the job titles. And the rating with the highest number of votes for each aspect of the
job title is selected as its expert score. To obtain scores for job titles in S_g (not in Sr), we compute
their scores for each aspect by taking the weighted average of the expert scores of the most similar
job titles in Sp (based on cosine similarity). The process can be broken down into the following
steps: (1) we retrieve the embeddings for all job titles that were learned from the EMMMs model;
(2) we calculate the cosine similarity between the embedding of each job title within S_g and all
of the job title embeddings found in Sr; (3) we use the cosine similarity measures as weights and
proceed to compute the weighted average of the corresponding expert scores, which then acts as
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the estimated score for each job title within S_p. This semi-supervised learning process enables us
to generate five aspect scores for each job title in the dataset.

To explore the gender and cluster differences of the five metrics, we then use statistical proce-
dures to compare the different career advancement metrics across either genders (see Figure 8),
clusters (see Figure 8), or both (see Figure 9). We construct 95% confidence intervals for each sub-
group of individuals, and all confidence intervals are adjusted to have a family-wise confidence
interval of 95%, which means there is a family-wise confidence level of 95% for any number of con-
fidence intervals to be valid. To be more specific, the two confidence intervals of female and male
groups can simultaneously be correct with 95% confidence; the 8 confidence intervals of different
clusters are guaranteed to be simultaneously correct with 95% confidence; and the 16 confidence
intervals of the exhaustive combination of gender and cluster levels are controlled to be simulta-
neously valid with 95% confidence. The sole difference between the three is lying on the number
of simultaneous confidence intervals. We use the conservative Bonferroni procedure so that the
family-wise chances of getting false confidence intervals are controlled to be within 5% [35]. We
will now examine in the following the results for each metric. It is important to note that all re-
sults and interpretations are based on our curated sample. Therefore, any effort to apply these
insights beyond this sample should be approached with careful consideration of their validity and
applicability.

6.1 Number of Years Per Title Change

First, we observe that male employees tend to have a shorter duration (0.09 years or 1 month)
between changes in job titles, as indicated in Figure 8. In other words, on average, men change
job titles slightly more frequently than women. This metric is also shown to be quite different for
the 8 clusters. For example, the longest and shortest duration between job titles is approximately
2.4 and 2.1 years, about 3.5 months apart.

Second, by using multiple comparison procedures, we are able to group clusters based on pair-
wise comparisons into three groups: cluster 0 in Group I, cluster 6 in Group II, and everything else
in Group III. In this example, Group I has the longest duration, Group II has the shortest duration,
and all the remaining clusters have about the same mid-range duration. When gender informa-
tion is also used in the clustering process, there seems to be further separation in this metric. The
longest and shortest duration between job titles is approximately 2.5 and 1.9 years, 0.6 years, or
7 months apart. Multiple comparison procedures give 4 groupings. From longest to shortest, they
are cluster 4 in Group I, clusters 3, 5, 6, and 7 in Group II, clusters 1 and 2 in Group III, and cluster
0 in Group IV. Note that the clustering numbers with or without gender information are indepen-
dent of one another. In fact, a two-way tabulation of the frequencies by the two clustering shows
quite evenly dispersed distribution, indicating the two clustering results are drastically different
for individuals.

Lastly, we show the merit of the clustering approach by trying to discern the differences in
an average year-per-title change with both gender and clusters considered. For more apparent
comparisons, we generate a random clustering by randomly assigning an individual to a cluster.
We should expect no statistical differences across random clusters, which is indeed observed in the
first column of Figure 9. Our clustering approach, in contrast, effectively discerns the significant
difference among the clusters (as seen in Figure 8), and further differences among the mixture of
gender and clusters sub-groups (as seen in the second and third column of Figure 9). When gender
information is not used in clustering (second column), the average year per title change metric,
while more saliently different than in the random clustering, largely overlaps with each other
from one group to another gender-cluster sub-group. Interestingly, when gender information is
considered in the clustering process, the gender-inclusive clustering results (third column) reveal a
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Fig. 8. Differences of all metrics across either gender or cluster.

distinct gender-specific difference within each cluster. Male employees in Cluster 0 have the short-
est duration between job title changes, while the female employees in Cluster 3 and 4 tend to have
the longest duration. This finding provides a more nuanced understanding of the difference in job
duration among employees than simply looking at averages across different genders (see Figure 8).

ACM Trans. Manag. Inform. Syst., Vol. 16, No. 2, Article 16. Publication date: March 2025.



H. Zhong et al.

16:20

-LN
-9N
-GS
-
-EN
-2
- AN
- -0
-4
-94
-G4
-vd
-€d
-cd
— -4
— -04
o © o
© N N

abueyo apn Jad Jesp

-LN

+++++++ ¢

-04

3.0-
5
0

-LN

-04

3.0-
5
0

abueyd s Jad Jesp

Cluster without gender Cluster with gender

Random cluster

0.5-

0.5-

0.5-

-
o

——
— ]

—
—

'

<

o o

2100s Yoo

.-
—-
—-
'
@

——
——

-
—o—
——
——
o
' '
< «@
o o

8100S Yoa].

Ahadiahy

EERXRRY!

'
<
[S)

21008 Yoa|

0.3-

'
N
=}

'
N
[S)

0.2-

-LIN
-9N
-SIN
-PIN
-EN
-2
- LN
-0
-/4
-94
-S4
-vd
-€4
-cd
-4
-04

-LIN
-9N
-SIN
-vIN
-EN
-ciN
- LN
-0
-/4
-94
-S4
-vd
-€4
-cd
-4
-04

-LIN
-9N
-SIN
-PIN
-EN
-ciN
- LN
-0
-/d
-94
-S4
-vd
-€4
-cd
-4
-04

Cluster without gender Cluster with gender

Random cluster

1.6-

'
©

'
@

-LN

-04
'
]

21090s Ayolessiq

—— -/IN
-9
-SIN
-vIN
-EN
-aiN
- LA
-0
-/4
-94
-S4
-4
-€4
-cd
-
-0d

U —
—~L

_ _ _ _
0+ o o
2100s AyosesslH

-\
-9
-SIN
-vIN
-eN
-ciN
- A
-0
-/4
-94
-G4
-vd
-€4
-cd
-
-0d
' '
3. 2

—o—
—
——
—
—o—
—
—o—
—
——
—_—
——
=
———
—
. —
—_—

' '
] b

2100s AyoJseselq

Cluster without gender Cluster with gender

Random cluster

-
-9N
-S
-y
-eN
-2n
- LN
- 0N
-14
-94
-54
-vd
-ed
-2d
-4
-04
\ ]

< o o

0 > ol

o o o
9109s @ouspuadapu|

—.— =L\
-9N
-SIN
-
-EN
-ciN
- LN
-0nN
-4
-94
-S4
-vd
-€d
-cd
-4
-04

——

< & I
) wn
S = s
2100s souspuadapu|
——

o
——L.

-IN
-9N
-SIN
-¥IN
-eN
-2n
- LN
-0N
-4
-9
-4
-4
-4
-2
-1
-0d
) \

< o o

0 o

o o o
2100s @ouapuadapu|

Cluster without gender Cluster with gender

Random cluster

S o ©
(8Y) ~—

s o o
2109s diysinauaidanuy

1
0.17-
0.16-

— -/N
-9N
-SIN
-vIN
-EN
-ciN
- LN
-0
-/4
-94
-S4
-vd
-€4

& ®
s o
2109s diysinauaidanugy

1
0.17-
1

'
o
N
<]

-LN
-9N
-SIN
-PIN
-EN
-ciN
- LN
-0
-/4
-94
-S4
-vd
-€4
-cd
-
-0d

|.|
] ] !

2 e &
s o o
2109s diysinauaidanug

| |
o ©
o -
o o

Cluster without gender Cluster with gender

Random cluster

Fig. 9. Differences of all metrics across both gender and cluster.

6.2 Other Differences in Career Advancement

Current tech score. As seen in Figure 8, male employees tend more likely to work in a technical

job post than female employees, the fact of which is well-known in the IT industry. In Figure 8,

there is also a clear separation on the tech score across the 8 clusters, both with or without gender
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in the clustering process. The gender difference is so salient in tech score that even in the random
clustering results, there is a clear separation of male and female groups (see Figure 9). Additional
groups are identified when both gender and cluster are considered in the two-way multiple com-
parisons. However, there seems to be little meaningful difference in the two clustering (with or
without gender in the clustering process) results in terms of grouping and separation.

Current hierarchy score. The hierarchy score exhibits similar patterns as the tech score. In
general, male IT workers tend to be in a higher hierarchy than female workers. In Figure 8, clus-
tering processes also clearly separate hierarchy scores into groups. While the grouping numbers
are fewer when gender is considered in the clustering process, the separation of groups is mainly
driven by the heavy overlapping intervals of clusters 5 and 6, but not by the range of differences
in the clusters. When both gender and clusters are considered (see Figure 9), the hierarchy score
shows no clear separation because of the large overlapping intervals across different gender-cluster
groupings. The only exception is the males in cluster 2 (clustering with gender information), who
exhibit a much higher hierarchy score. Further investigation finds that this group is distinct from
other groups because it contains a higher number of individuals who currently sit in the highest-
ranking positions, such as executive roles.

Current independence score. The independence score seems to tell a different story for fe-
male IT workers. On average, female IT workers seem to be more likely in a consulting or con-
tractor role than their male counterparts. This may be due to the fact that female workers unfairly
bear more family obligations and face extra challenges to establish a long-term career instead of
working independently. Similarly, in Figure 8, our clustering processes also separate independence
scores into clear groups. While the grouping numbers are fewer when gender is considered in the
clustering process, the separation of groups is mainly driven by the heavy overlapping intervals of
cluster 3, but not the range of differences in the clusters. When both gender and clusters are consid-
ered (see Figure 9), the independence score shows no clear separation in clustering results without
the inclusion of gender because of the large overlapping intervals across different gender-cluster
groupings. When gender in considered in clustering, the clusters are distinctly put into two groups
with clear separations, with the help of slightly larger range separation and less overlapping.

Current entrepreneurship score. The entrepreneurship score seems to be similar to the in-
dependence score for female IT workers. As seen in Figure 8, female IT workers seem more likely
to find a company than their male counterparts. Without considering gender in clustering, the
results are not discernibly different from one cluster to another. However, when gender is con-
sidered in clustering, more separation is clear—both larger range separation and less overlapping.
When both gender and clusters are considered (see Figure 9), the entrepreneurship score shows
no clear separation in clustering results regardless of the inclusion of gender in clustering. This is
due to the large overlapping intervals across different gender-cluster groupings. When gender is
considered in clustering, while the range separation helps a little, the overlapping across groups
makes the separation impossible.

7 Discussions
7.1 Contributions to IS Literature

Our study contributes to the IS literature of IT-related career studies [25, 27, 31, 41]. First, we
advance the study of IT-related careers by developing a novel career path clustering model, which
is a non-trivial improvement over the case-based studies [41] and conventional sequence similarity-
based clustering methods [27, 31]. Compared with other methods, our model can better address
the high-heterogeneity issue of self-reported career records and perform career path clustering
in a fuzzy manner. Furthermore, our method is applicable to other important sequence-related
IS research, such as digital trace analysis [39] and business process mining [14]. In addition, our
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research also contributes to sparse research of career advancement in IT workforce [6, 34] by
uncovering some interesting gender differences. Our work also fits into the computational design
science research [36, 40]. The computational design science research is concerned with “solving
business and societal problems by developing computational models and algorithms” [40]. Our
study develops a novel sequence clustering algorithm using sequential embedding and mixture
Markov models to address the career path clustering problem. Our contributions are rooted in
algorithm-centric advancement and application-oriented solutions.

7.2 Methodological Implications

Our study reveals two primary methodological implications. The first is the embedding-based
design in modeling career paths. This technique stems from the recent advancement of representa-
tion learning methods, which are the core of deep learning research [8]. The embedding-based de-
sign can distill nuanced subtleties of job titles and further serve other research purposes. Our work
is another innovative example of this useful technique applied to IS research problems. Another
important implication of our methodological contribution relates to the use of mixture models
for sequence clustering. This method is advantageous by generating fuzzy clusters and capturing
more fine-grained information among different clusters. Our study demonstrates the superiority
of such models and thus opens more doors to the application of mixture models for unsupervised
learning problems in IS research. Given these implications, our method can be generally applied to
various other sequence clustering problems. It is particularly beneficial if the sequence includes a
diverse set of tokens and lacks uniformity. These scenarios often arise when analyzing sequences
generated by human behavior. Examples of applications may include clustering customer purchase
behavior and analyzing student learning patterns.

7.3 Clarification on Ethical Concerns

It is important to clarify that the methodology employed in our study focuses on sequence cluster-
ing analysis, which is primarily exploratory in nature. Our aim is to glean insights and patterns
from the data rather than making individualized decisions, which is fundamentally distinct from
predictive or prescriptive modeling. Ethical issues like biases and privacy concerns have been sig-
nificantly alleviated. For example, given its design, our model does not inherently favor a specific
career trajectory or pattern. The distribution of the clusters is primarily determined by the data
they are derived from with the help of our model. In addition, our method would not raise addi-
tional privacy concerns. The result of our analysis is the identification of “clusters” (career path
patterns) where no personal details or individual identities will be disclosed.

7.4 Limitations and Future Research

There are several limitations in our study, which can serve as a springboard for future research.
First, our clustering model, like others, requires several user-specified inputs. While users are able
to determine the number of clusters using the Elbow method, future research could investigate
more automatic and principled choices. Meanwhile, the final clustering output is dependent on
initial clusters, which are best generated using pilot models (e.g., OMA). Second, our model does
not directly incorporate or differentiate between job term genres, that is, functionality and respon-
sibility. The development of algorithms for genre-aware career path clustering is an intriguing and
promising area of research. Third, our current method overlooks other job variables when learning
career patterns, such as employers, industry sectors, and talents’ demographics. A more in-depth
study and understanding of career patterns through the use of heterogeneous information has
notable benefits for both academics and practitioners. Fourth, in this study, we have conducted a
comprehensive analysis of the differences in career advancement between genders. Unfortunately,
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we were unable to perform similar analysis on other factors such as education and social connec-
tions due to limited data availability. A potential future direction involves applying our method
to identify diversity, equity, and inclusion (DEI) biases among IT professionals, once the nec-
essary dataset becomes available. Lastly, we note that any implications derived from the dataset
come from a curated dataset (i.e., a large sample of IT professionals) that is methodologically fit
for our proposed method. One may exercise caution when trying to interpret any implications
in context outside of our samples. For example, an industry outside of IT may exhibit different
gender differences in terms of career path progression. Exploring these areas in future research
could provide valuable insights into variations of individual’s career advancement. Bioinformatics
research also deals with sequence clustering which might be relevant to our research. Future re-
search may distinguish or apply our approach to other fields such as gene sequence clustering.’?
Interested readers may refer to review articles such as [53, 55].

8 Conclusion

In this study, we developed a novel sequence clustering approach and applied it to uncover pat-
terns in IT career paths. Specifically, we construct an embedded Markov model for each career path
cluster. The optimal assignment of career paths to the clusters is obtained by simultaneously learn-
ing cluster-wise job embeddings and optimizing the mixture Markov models. Experimental results
demonstrated our model’s efficacy and revealed interesting career patterns in the IT workforce. In
addition, we showed that our approach can enable novel research investigation on various career
advancement metrics across genders and career path clusters. The improved career path cluster-
ings are valuable for tasks like talent recruiting and career planning. The acquired insights are also
useful for educational institutes to design appropriate training programs and provide people with
the skills they require to successfully navigate through long and complex career paths.
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B Algorithm’s Pseudocode

ALGORITHM 1: Embedded Mixture Markov Models (EMMM:s)

Input: The set of sequences {S, : n = 1,2,..., N}; the number of clusters M; the embedding
dimensionality D; the number of iterations T; the number of epochs E.
Output: Cluster-wise term embeddings 0,, and probability log-likelihoods Pr(S,|6p,).
1 Determine the initial clusters of all career sequences and randomly initialize vy(w) and
{6m(w) :m=1,2,...,M}, where w € W,

2 for i=1to T do // T is the number of iterations

3 for m=1to M do // M is the number of clusters

4 if i=1then

5 ‘ Initialize an EMM model with vg(w) and v, (w);

6 else
Update v{(w) < vo(w) + ﬁ >im Om(w);
8 Update 5, (w) < Sm(w) = 45 2 Sm(w);
9 end
10 for e=1to E do // E is the number of epochs
1 Randomly generate a batch;
12 Compute the embedding of sequence S, by aggregating v, (w) = vo(w) + 5, (w) for any
job term w in the sequence;
13 Compute the overall loss £(0, C) according to Equation (12);
14 Optimize vg(w) and d,,(w) using backpropagation;
15 end
16 end
17 end

—

8 Compute Pr(S,|0,,) for each sequence S, in any cluster Cp, using Equation (8).

C Career Path Clustering
C.1 Determining the Number of Clusters

Similar to many other conventional clustering models (e.g., K-means), one critical hyperparameter
in our model is the number of clusters. Typically, people use the Silhouette Coefficient (SC) or
Akaike’s Information Criterion (AIC) to determine the appropriate number of clusters [46].
The calculation of the SC relies on a predetermined distance metric such as euclidean distance.
However, the “distances” between clusters produced by our model are undefined, thus disqualify-
ing SC as a suitable option. On the other hand, AIC is also unfavorable in our case as the magnitudes
of the resulting log-likelihood are in significantly different scales of M. Instead, we suggest using
a criterion similar to AIC, which involves calculating the negative log-likelihood (NLL) averaged
by M, that is, Averaged NLL = NLL/M. Like AIC, this criterion aims to strike a balance between
the model’s goodness of fit and its simplicity. The clustering model with the lowest Averaged NLL
is the preferred choice. Figure C.1 showcases the curve of Averaged NLL resulting from our model
training process. We find that Averaged NLL of the model significantly decreases as the number
of clusters approaches M = 8 and then gradually converges towards zero. Following the Elbow
method [47], we determine M = 8 as the proper number of clusters. Then, we proceed with train-
ing our model to categorize career paths into eight clusters, each associated with an individual
EMM model. The embedding dimensionality is set D = 32. We show the learning curves of these
models in Figure C.2. As can be seen, NLLs of our EMMM model decline rapidly with an increase
in iteration steps.
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Fig. C.1. Averaged NLL with varying M. Fig. C.2. Learning curve.
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C.2 Sankey Diagram of Career Paths in Different Clusters
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Fig. C.3. Typical career paths started as ‘software engineer’ in different clusters.

D Empirical Evaluation with Synthetic Datasets

D.1

Data Simulation Process

We will start by delineating the data simulation process. First, the number of clusters (M) is speci-
fied and we draw M embedding points to serve as the cluster centroids. Then, each cluster centroid
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Fig. D.1. Model performance by varying M, N?, and Lfm.n on the synthetic data.

is surrounded by N™ sampled points (job terms), which are subsequently utilized to create job ti-
tles for each cluster. Job titles are generated within a specified length range (L’ , to L!, ) through
the following process. First, an initial point (term) is randomly selected within the cluster. Second,
subsequent points (terms) are chosen by prioritizing nearby neighbors in the traversal process.
The favoring of geographical proximity corresponds to the sequential adjacency of job titles along
career paths. The quantity of job titles within each cluster is determined by a predefined hyperpa-
rameter N'. In a similar vein, we create career trajectories by linking together randomly-chosen
job titles, with the specified range of job sequence length (Lfnin to IP,,..) and the number of se-
quences (N?). Note that each cluster consists of an equal quantity (N?) of career paths in our
current configuration. Eventually, through meticulous parameter adjustments, we can generate

synthetic datasets tailored to meet specific research for various experiments.

D.2 Performance Metrics

We first assess the model’s ability to accurately reconstruct the true clusters, for which two met-
rics are used: adjusted Rand index (ARI) and adjusted mutual information (AMI). ARI is
a corrected-for-chance version of the Rand index [23], which computes a similarity measure be-
tween two clusterings by considering all sample pairs and counting pairs assigned to the same or
different clusters in the predicted and true clusterings. AMI is another metric for comparing two
labels of the same dataset that is independent of the labels” absolute values. Furthermore, we can
assess the model’s ability to preserve the local structure of the actual embeddings by employing
the Trustworthiness (TW) metric [49].

D.3 Sensitivity Analysis

Our model depends on the initial groupings of job sequences. We begin our experimental anal-
ysis by using the original groupings as the starting clusters. We now analyze how the model’s
performance changes with varying values of M. By changing M from 2 to 6, we generate several
synthetic datasets. Our model needs to reconstruct the original M clusters and the local structure of
term embeddings for each dataset. The first chart in Figure D.1 demonstrates that with an increase
in M, there is a slight decline in the model’s ability to restore the original clusters. This finding
aligns with our initial impression that the task becomes increasingly difficult as the required M
increases. Meanwhile, as M increases, there is an upward trend in TW, indicating that our model
can effectively recover the local structure of the true term embeddings.

Now, let us examine N?, which represents the total number of possible job sequences. We aim
to evaluate the resilience of the model when exposed to different amounts of training data. Let us
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Fig. D.2. Model performance by varying TTR on the synthetic data.

begin by acknowledging the challenges that can ensue from an inadequate or excessive number
of job sequences. When we have a limited number of job sequences, we suffer from the issue
of data insufficiency. This hinders the model from capturing detailed nuances of job titles and
terms, thereby increasing the level of difficulty to restore the original clusters. On the other hand,
an excessively large sample size can present challenges for the model as a result of the substantial
heterogeneity within the data. Interestingly, the experimental results illustrated in the second chart
of Figure D.1 corroborate our initial speculation. It shows that when the value of N7 is either too
low or too high, there is a slight decline observed in the three metrics (ARI, AMI, and TW).

As our model aims to group job sequences, it is also important to analyze the model’s sensitivity
to variations in job sequence length. Technically, our model should favor longer sequences as they
capture a greater degree of sequential dynamics among job titles. The final chart in Figure D.1
illustrates a significant improvement our model’s ability to accurately reconstruct the original
clusters as the minimum sequence length Lfn ; iNCreases.

Remember that our job sequences are formed by combining multiple job titles, each of which
consists of job terms. With a specific sequence length, we would also like to assess the model’s
robustness concerning the size of the job title set (N) and the size of the job term set (N™). Since
job title embeddings are aggregated by averaging job term embeddings, we propose to focus on
examining the proportional magnitude of the two sets, which we defined as TTR = N'/N™. Our
data simulation process starts by constructing the job term set with sizes of 10, 14, and 18, followed
by generating multiple sets of job titles by adjusting TTR within the range of 1 to 5. We perform
experiments on these simulated datasets and present our evaluation findings in Figure D.2. Inter-
estingly, when TTR is too low or too high, the model’s capacity to restore original clusters (as
measured by ARI and AMI) declines. We argue that, when TTR = 1 (i.e., the number of titles
equals the number of terms), the model training suffers from inadequate job titles to capture all
the subtleties associated with the job terms. When TTR is high (i.e., when many more job titles are
generated from a fixed set of job terms), the resulting job titles are likely to be similar in nature.
This can potentially hinder the ability of our model in learning job term embeddings.

D.4 Model Comparison with OMA

We have completed a sensitivity analysis on different elements of the model. Nevertheless, we are
still uncertain about the performance of our model when compared to other existing models, such
as OMA. Therefore, we conduct an additional experimental analysis using synthetic datasets to
evaluate and compare our model with the OMA model.

In our study, the OMA model is implemented using TraMineR package of the R program-
ming language. For the implementation of our model, we conducted our experiments with two
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Fig. D.3. Three models’ performance by varying TTR on the synthetic data.*

initializations of clusters. The first is to use ground-truth (GT) clusters, which is expected to
deliver the highest achievable level of performance. This model is referred to as GT+EMMMs.
The second version utilizes the clusters derived from OMA as initial groupings for the sequences.
The objective is to assess the capability of our model in capturing nuances overlooked by the
OMA model. We denote this model as OMA+EMMM:s. Figure D.3 presents the ARl and AMI of
these models across different TTRs. Since OMA does not produce embeddings, it is not feasible
to calculate TW, which therefore is excluded from the evaluation. According to the results, when
TTR = 1, the OMA can simply achieve the best performance. However, as TTR increases (more in
line with the real-world conditions), the OMA’s performance deteriorates significantly, whereas
the two EMMMs-based models maintain their superiority. In summary, the results demosntrate
that OMA+EMMMs is comparable to GT+EMMMs and consistently surpasses the OMA. These
findings reinforce our claim concerning the efficacy of EMMMs-based models.
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4Since OMA does not produce embeddings, TW is not included as it is not feasible for the calculation.
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