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ABSTRACT
This paper addresses the challenge of strategic workforce planning for AI-driven human-robot col-
laboration (AI-HRC) in intralogistics. We ask two questions: how can task-level full-time equivalent
(FTE) estimates be constructed from existing labour statistics, and how can these estimates, com-
bined with AI exposure metrics, inform strategic AI-HRC design and workforce planning? Drawing
on U.S. Bureau of Labor Statistics employment data, O∗NET occupational profiles, and task-level AI
exposure scores, we develop a stochastic task-time framework that decomposes occupations into
tasks and models task frequencies as probability vectors on the simplex. A covariance-completion
procedure reconstructs task covariance matrices consistent with survey standard errors, enabling
the translation of occupational data into task-level and detailed work activity (DWA)-level FTE esti-
mates with uncertainty bounds. Applying the framework to the U.S. intralogistics workforce, we find
that approximately 370,000 FTEs (about 17% of workers) are concentrated in the top 15% most AI-
exposed DWAs. These results provide task-specific insight into AI-driven automation and support
scenario-based workforce planning by linking alternative AI-HRC adoption paths to task-level FTE
impacts, uncertainty bands, and upskilling priorities, thereby offering an analytical foundation for
resilient, human-centered AI-HRC systems.
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1. Introduction

Artificial intelligence (AI) is reshaping work organi-
sation, producing heterogeneous effects across tasks,
occupations, and industries. Recent audits indicate that
approximately 80 percent of the U.S. workforce has at
least 10 percent of tasks exposed to LLM capabilities or
LLM-powered software, while about 19 percent has 50
percent or more of tasks exposed (Eloundou et al. 2024).
Beyond exposure studies, empirical evidence from thou-
sands of real interactions demonstrates high applica-
bility for information-gathering, writing, and advising
tasks, particularly where communication and coordina-
tion are essential (Tomlinson et al. 2025). Task-based
economic research finds that digital technologies often
replace routine tasks but augment non-routine prob-
lem solving (Autor and Dorn 2013; Autor, Levy, and
Murnane 2003). These findings underline the impor-
tance of task-level analysis of AI-driven automation. To
further understand the impact of AI, it is necessary
to embed it within physical task systems, integrating
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sensing, actuation, and human judgment to enable coor-
dination between robots and frontlineworkers. This inte-
gration is especially relevant in the operational context of
logistics.

The logistics sector is undergoing a significant trans-
formation as AI-driven technologies reshape transporta-
tion, warehousing, and distribution. Performance in
logistics depends on synchronous, high-volume task exe-
cution and must adapt to volatility from demand peaks,
SKU proliferation, and service-level pressures. Ware-
housing has shifted frompicker-to-parts systems to robo-
tised fulfilment centers, resulting in higher service quality
and reduced lead times (Boysen and De Koster 2025).
Industry 4.0 technologies and digital twins reduce infor-
mation lags and enable tighter synchronisation between
production and warehousing (De Koster et al. 2025; Li
et al. 2023). Digital twins are best understood as cyber-
physical systems that maintain real-time, data-driven
representations of logistics processes through continu-
ous streams of IoT and operational data (Park, Son,
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and Noh 2021). By 2028, approximately 80 percent of
warehouses and distribution centers are projected to use
some form of robotics or automation, highlighting the
rapid pace and scale of change (Ma and Saénz 2025).
Autonomous mobile robots (AMRs) and robotic mobile
fulfilment systems (RMFS) are seeing growing adop-
tion in intralogistics, as more facilities integrate them
into their planning and control processes (Fragapane
et al. 2021). However, the sector continues to rely heav-
ily on human workers, particularly in picking, sorting,
and exception handling, where variability, damage, and
unique items constrain the potential for full automa-
tion (U.S. Bureau of Labor Statistics 2024).

These technological shifts have set the stage for
AI-driven human-robot collaboration (AI-HRC) within
logistics facility operations. This sector – commonly
referred to as intralogistics – concerns the manage-
ment of material and information flows in warehouses,
distribution centers, and manufacturing plants. Cobots,
AMRs, and perception systems bring speed and preci-
sion, while humans provide dexterity, contextual under-
standing, and exception management (Pasparakis, Vries,
and Koster 2023). When well-designed, such collabo-
ration enhances job satisfaction and self-efficacy; when
poorly paced or interfaced, it can erode trust and under-
utilise both humans and robots (Pasparakis, Vries, and
Koster 2023). Despite rapid automation, humans remain
the backbone of system resilience. In this evolving con-
text, AI-enabled collaboration does not simply replace
labour but reshapes it.

To address the evolving nature of work in intralogis-
tics and the challenges posed by AI-HRC and resilience
requirements, this study proposes a stochastic task-
time framework for strategic workforce planning. The
framework generates estimates of the total number of
FTEs performing each task, including confidence levels.
These estimates are then integrated with AI automa-
tion exposure studies to informAI-HRCworkforce plan-
ning.Methodologically, this approach extends priorwork
by Cai et al. (2025) by defining the intralogistics indus-
try as a set of job-task pairs and incorporating uncer-
tainty bounds into functionals of the frequency vector
developed by Martin and Monahan (2022).

The results are estimated ranges of the number of
FTEs assigned for each task within the U.S. intralogis-
tics workforce. Although the primary focus is on the U.S.
intralogistics sector, the methodology is broadly appli-
cable and can be replicated for any workforce. When
combined with AI exposure studies, this work can sup-
port strategic workforce planning by identifying the
human capital required for AI-HRC tasks. To enhance
practical relevance, exposures are interpreted in relation
to AMR/RMFS, IoT instrumentation, and digital-twin

design patterns. We also provide a public repository with
all the code and data pipelines, which can be adapted to
any workforce representation.

The remainder of the paper is organised as follows.
Section 2 reviews the literature and positions this work
among related studies. Section 3 describes the data and
methodologies developed for the stochastic task-time
framework. Section 4 presents the results and the diag-
nostics of the methodology. Section 5 examines the
implications for strategic workforce planning and AI-
HRC design, and discusses the assumptions underlying
this study. Section 6 summarises key insights and outlines
directions for future research.

2. Literature review

We present a comprehensive literature review on AI-
driven automation, focussing on intralogistics. The
section is organised as follows: first, modelling techno-
logical impact with task-based workforce models; next,
presenting empirical evidence on AI innovations; finally,
reviewing current AI-driven technologies in intralogis-
tics and AI-HRC.

2.1. Modelling the impact of technological
innovation through task-basedworkforcemodels

The relationship between technological progress and the
reorganisation ofwork has been studied for decades using
task-based economics. Foundational work formalised
how computers substitute for routine tasks and comple-
ment non-routine cognitive and social functions, giv-
ing rise to labor-market polarisation analyses (Autor
and Dorn 2013; Autor, Levy, and Murnane 2003). Sub-
sequent work extended this framework to automation
and AI, showing that new technologies both displace
and create task frontiers (Acemoglu and Restrepo 2019;
Autor et al. 2024; Autor 2015). This decomposition of
occupations into constituent tasks, and the evaluation of
their susceptibility to technological change, has become
standard in labour economics and management stud-
ies (Brynjolfsson andMitchell 2017; Eloundou et al. 2024;
Felten, Raj, and Seamans 2018; Frey and Osborne 2017).

2.2. Empirical evidence on the effects of AI
innovations

A parallel body of empirical literature quantifies the
effects of AI-driven innovations on productivity and
work quality. Randomised and quasi-experimental stud-
ies across multiple domains demonstrate substantial
but heterogeneous gains that depend on task structure
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and worker experience. In software engineering, con-
trolled trials of code-assistance tools show measurable
reductions in completion time and error rates (Peng
et al. 2023). In text-based knowledge work, LLM-based
writing assistants boost speed and quality while nar-
rowing performance dispersion among workers (Noy
and Zhang 2023). Field studies in customer support
and consulting suggest that generative AI improves
both throughput and consistency, particularly among
less experienced employees (Brynjolfsson, Li, and Ray-
mond 2025; Dell’Acqua et al. 2023). Collectively, these
studies indicate that AI-driven technologies are primar-
ily redistributive rather than purely additive. They elevate
lower performers, reduce productivity variance, and shift
expertise toward supervision and integration with exist-
ing workflows, rather than completely redefining them.
These behavioural mechanisms influence how AI expo-
sure translates into performance gains and establish a
baseline for understanding the augmentation enabled by
this technology.

2.3. AI-driven technologies in intralogistics andHRC

While most AI-work studies focus on digital services,
intralogistics offers a crucial testing ground where infor-
mation processing and physical execution converge.
Across successive automation waves, warehouse sys-
tems have evolved from human-supervised informa-
tion platforms to nearly autonomous decision-making
layers, computerising functions such as navigation,
scheduling, routing, and replenishment (Boysen and De
Koster 2025). AMRs now coordinate movements once
assigned manually, RMFS manage retrieval tasks for-
merly handled by forklift or pallet operators, and IoT-
based predictive maintenance automates monitoring and
fault prediction previously performed by technicians (Li
et al. 2023). The digital and physical layers have effec-
tively merged – each pick, scan, and movement gen-
erates data that feeds learning algorithms for contin-
uous optimisation. Industry 4.0 instrumentation and
digital-twin synchronisation reduce information latency
and tightly couple production with intralogistics in near
real time, supporting scenario analysis, capacity plan-
ning, and resilience testing under disruptions (De Koster
et al. 2025; Li et al. 2023; Liu, Pan, and Ballot 2024).

Within this technological transition, AI-HRC has
become the organising principle of next-generation
intralogistics systems. Research based on current tech-
nology increasingly supports the superiority of ‘humans-
in-the-loop’ configurations over full automation in
high-variability contexts, as anomalies and changeovers
remain difficult to codify (De Koster and Roy 2024;
De Koster et al. 2025). In this context, robots perform

high-speed, repetitive, and physically demanding tasks,
while humans contribute dexterity, contextual aware-
ness, and adaptive decision-making (Pasparakis, Vries,
and Koster 2023; Perotti et al. 2025). As tasks are
divided in AI-HRC, even minor adjustments in automa-
tion design can influence workforce composition (Autor
and Thompson 2025). Traditional workforce metrics at
the occupational level obscure the inherent variability
and uncertainty present in mixed human-AI task sys-
tems (Nourmohammadi et al. 2025).

3. Methodology

This section introduces the workforce modelling frame-
work, followed by a description of the data sources and
preprocessing steps. We outline the statistical approach
for estimating task times and associated uncertainties.
Finally, these estimates are translated into FTEs and
aggregated to inform AI-HRC strategic workforce plan-
ning.

3.1. Overview and framework

The framework developed in this study provides a unified
set of processes for translating occupational-level data
into task-level estimates for AI-HRC workforce plan-
ning. The framework consists of five structured stages, as
illustrated in Figure 1.

Themodel integrates three key data sources: (i) intral-
ogistics job employment data; (ii) detailed task-job rela-
tionships; and (iii) metrics of task exposure to AI. The
model translates occupational data into task-level FTE
ranges. Diagnostic tests validate themodel’s internal con-
sistency. The outputs are interpreted along three dimen-
sions: aggregation of FTEs at the task level, integra-
tion of AI exposure scores to identify tasks most suit-
able for AI-HRC, and strategic workforce planning. The
methodological assumptions underlying this framework
are stated throughout Section 3 and summarised in
Appendix A. A detailed discussion of limitations, scope
conditions, and sources of uncertainty is provided in
Appendix B.

3.2. Data sources

This section introduces the study data, specifying their
sources, structure, and preprocessing steps.

3.2.1. BLS employment andwage data
We obtained employment data for the Transportation
andWarehousing sector from the Bureau of Labor Statis-
tics (BLS) Occupational Employment andWage Statistics
(OEWS) program. The OEWS is a semiannual survey
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Figure 1. Amodelling framework for estimating the number of workers per task within the intralogistics sector.

covering approximately 830 occupations based on a sam-
ple of approximately 1.1 million establishments repre-
senting 55 percent of total U.S. employment (U.S. Bureau
of Labor Statistics 2024). TheOEWS reports employment
counts by occupation along with standard errors derived
from the survey design. This paper employs theMay 2024
OEWS release.

3.2.2. O∗NET occupational data
The O∗NET serves as the leading repository of stan-
dardised occupational data in the United States and a
foundation for workforce planning strategies. Launched
in 1998, it is maintained by the U.S. Department of
Labor’s Employment and Training Administration. The
O∗NETContentModel organises occupational informa-
tion hierarchically (National Center for O∗NET Devel-
opment 2024). The database includes about 55,000 job
titles which are consolidated into approximately 900
detailed occupational profiles. Each profile breaks an
occupation into work elements organised hierarchically
across several precision levels. At the finest granular-
ity, over 18,000 unique task statements describe specific
activities workers perform. They are grouped into about
2000 Detailed Work Activities (DWAs). The structure of
the data, survey protocols, and extracts of the data tables
used are provided in Appendix C. This study utilises
O∗NET version 28.3, released in May 2024.

3.3. AI exposuremetrics by task

We adopt the AI exposure metrics proposed by Bouquet,
Sheffi, and Kaboli (2026). This methodology embeds
DWAdescriptions using the SBERTmodel and compares
them against a large corpus of news articles referencing
automation, robotics, and artificial intelligence. While
cosine similarity determines the semantic relevance of an
article to a task, the methodology employs a ‘factual rele-
vance’ filter derived from the RoBERTa sentiment model
to distinguish actual technological capability frommedia
speculation. The metric explicitly prioritises neutral sen-
timent: in the context of technological news, neutral-
ity serves as a proxy for objective reporting on actual

deployments (e.g. ‘The warehouse implemented AMRs’),
whereas polarised sentiment typically reflects editorial-
ising (e.g. ‘Robots will save/destroy the workforce’). By
isolating the signal of technical feasibility from the noise
of media speculation, the model calculates a cosine-
weighted average of these objectivity-filtered scores over
a two-year rolling window. This approach ensures com-
parability across DWAs and robustness to short-term
fluctuations in news coverage. The result is a continu-
ous score between 0 and 1 for each DWA, indicating the
potential exposure to AI-driven automation.

3.4. Data preparation

The process begins with the O∗NET task ratings file.
A sequence of cleaning steps is then applied to prepare
the data for modelling and to ensure that all valid and
available information is used.

(1) Preliminary cleaning involved dropping rows
flagged by O∗NET as ‘Recommend Suppress = Y’
and removing records with missing data values.

(2) Category completeness was enforced by requiring
complete data for each task in the dataset. Tasks with
missing data were excluded from further analysis.

3.5. Statistical modelling

This section introduces a framework for estimating the
number of FTEs performing taskswithin an organisation,
sector, or economy under uncertainty.

3.5.1. Task frequency distributions
Data on task execution frequency is derived from the
O∗NET data collection program, which administers
structured surveys to job incumbents using a two-stage
response protocol. First, respondents indicate whether a
specific task is relevant to their occupation using a binary
filter. If the task is deemed relevant, respondents then
report the frequency of performance using a seven-point
ordinal scale, ranging from ‘Yearly or less’ to ‘Hourly or
more.’ O∗NET aggregates these responses to report the
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percentage of workers selecting each category, along with
design-based standard errors. Further details on the data
structure and survey protocols are provided in Appendix
C.2.

Let i index occupations and k tasks. Denote by R̂Ti,k
the design-based percentage of incumbents who mark
task k as relevant in occupation i, with standard error
SE(R̂Ti,k). We convert to probabilities via

R̂i,k = R̂Ti,k

100
, Var(R̂i,k) =

(
SE(R̂Ti,k)

100

)2

(1)

Similar to Martin and Monahan (2022), we introduce an
explicit unconditional ‘never’ category (indexed r = 0)
as the complement of relevance,

p̂i,k,0 = 1 − R̂i,k, Var(p̂i,k,0) = Var(R̂i,k). (2)

Conditioned on relevance, O∗NET reports the design-
based estimator of the percentage of workers choos-
ing each frequency category r = 1, . . . , 7, denoted F̂Ti,k,r
with standard errors SE(F̂Ti,k,r). We first rescale them:

F̂i,k,r = F̂Ti,k,r

100
, Var(F̂i,k,r) =

(
SE(F̂Ti,k,r)

100

)2

,

7∑
r=1

F̂i,k,r = 1. (3)

Combining relevance with conditional frequencies yields
the unconditional category probabilities for a randomly
selected worker:

p̂i,k,r =
{
1 − R̂i,k, r = 0,
R̂i,k F̂i,k,r, r = 1, . . . , 7,

7∑
r=0

p̂i,k,r = 1. (4)

Assuming the design-based estimators R̂i,k and F̂i,k,r
are statistically independent (elicited in distinct survey
steps), we compute the exact variance of p̂i,k,r using the
product variance formula from Goodman (1960). For
r ≥ 1, this yields:

Var(p̂i,k,r) = F̂2i,k,r Var(R̂i,k)

+ R̂2i,k Var(F̂i,k,r) + Var(R̂i,k) Var(F̂i,k,r).
(5)

If any p̂i,k,r evaluates to zero after construction (or its
standard error is numerically zero), we add ε = 10−6

for computational stability to the affected entries and
renormalise p̂i,k to maintain the simplex constraint.

To translate the unconditional category probabili-
ties into expected annual occurrence counts, we use an

annualisation vector based on the work by Tomlinson
et al. (2025).

fw = [0, 1, 4, 24, 104, 260, 780, 2080]� (6)

where each entry corresponds to the O∗NET scale
[Never,
Yearly, More-than-yearly, More-than-monthly,. . . ,
Hourly-or-more]. These values implement conserva-
tive lower-end midpoints of the ‘more than’ intervals
(e.g. 4 ≈ 2× per half-year; 24 ≈ 2× per month) and
standard full-time assumptions (hourly ≈ 2080 work-
hours/year). Finally, let μ̂i,k be the plug-in estimator of
the expected annual number of occurrences for task k in
occupation i:

μ̂i,k = w�p̂i,k =
7∑

r=0
wr p̂i,k,r. (7)

While the O∗NET survey uses a complex design, we
adopt a model-based approach for uncertainty analy-
sis. We treat the empirically derived probability vector
p̂i,k as the latent population distribution and assume
each worker’s categorical response is an independent and
identically distributed draw from p̂i,k.

3.5.2. Covariance completion
Determining the uncertainty of the annualised task fre-
quency, μ̂i,k = w�p̂i,k, requires the full covariancematrix
�̂i,k ∈ S

8, the space of symmetric 8 × 8 matrices. How-
ever, O∗NET survey data provides only the marginal
variances, leaving the cross-category correlations unde-
fined. To recover a valid covariance structure, we for-
mulate a convex completion problem that enforces con-
sistency with both the observed survey design and the
geometry of the probability simplex (Grussler, Rantzer,
and Giselsson 2018).

Formally, any covariance matrix of a probability vec-
tor on the unit simplex must satisfy the tangent space
constraint �1 = 0 (Aitchison 1982). We estimate �̂i,k by
selecting the positive semidefinite (PSD) matrix that sat-
isfies this geometric constraint and matches the reported
marginals, while minimising the squared Frobenius
norm ‖�‖F . This objective function acts as a parsimo-
nious regularizer (Boyd and Vandenberghe 2004; Horn
and Johnson 2012): it recovers the minimum-energy
covariance structure required to satisfy the constraints,
thereby avoiding the imposition of spurious correlations.
This approach is robust to survey noise, as Frobenius
norm minimisation prevents the amplification of sam-
pling errors into the off-diagonal terms (Yue et al. 2024).

All semidefinite programs are solved with MOSEK
ApS (2025); solver settings are reported in Appendix D.
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Let vi,k = [vi,k,0, . . . , vi,k,7]�, where vi,k,r = Var(p̂i,k,r)
denotes the reportedmarginal variance for frequency cat-
egory r of task k in occupation i.We obtain the covariance
matrix �̂i,k as:

�̂i,k ∈ arg min
�∈S8

‖�‖2F ,

s.t. � � 0,

diag(�) = vi,k,

�1 = 0.

(8)

Here, ‖ · ‖F denotes the Frobenius norm, S
8 the space

of symmetric 8 × 8 matrices, and �1 = 0 enforces the
unit-sum property of probabilities. The variance of the
plug-in estimator μ̂i,k = w�p̂i,k follows from the law of
propagation of variances (Bevington and Robinson 2003)

Var(μ̂i,k) = w��̂i,kw, (9)

3.5.3. Model diagnostics
We assess the completed covariance matrices �̂i,k along
three dimensions: feasibility, geometry on the simplex,
and robustness.

3.5.3.1. Feasibility and Simplex Geometry. We first ver-
ify the solver convergence for each solution of prob-
lem (8), since there is a potential for ill-conditioning and
numerical instability in PSD problems (Wolkowicz, Sai-
gal, and Vandenberghe 2000). Hence we check the feasi-
bility of each converged solution, based on two principal
criteria.

The simplex tangent constraint is imposed exactly:
each estimated covariance �̂i,k must satisfy �̂i,k1 =
0, ensuring compatibility with compositional geome-
try (Aitchison 1982). Positive semidefiniteness is verified
numerically by requiring λmin(�̂i,k) ≥ −10−8, consis-
tent with standard solver tolerances and reflecting typical
floating-point precision (Wolkowicz, Saigal, andVanden-
berghe 2000).

Solutions are deemed feasible only if both criteria
are met; otherwise, the task is rejected from the model.
For additional rigour and reference, we report supple-
mentary diagnostics, including diagonal agreement, total
uncertainty, and effective rank, in Appendix E.1.

3.5.3.2. Functional Variance and Feasible Bounds. To
link our diagnostics to inference on annual occurrences,
we compute the variance of the plug-in estimator, μ̂i,k, as
w��̂i,kw. We benchmark this value against the feasible
variance interval [σ 2

min, σ
2
max], which is obtained by solv-

ing two auxiliary problems to minimise and maximise
w��w, subject to � � 0, diag(�) = vi,k, and �1 =

0 (Boyd and Vandenberghe 2004). We report the nor-
malised position

w��̂i,kw − σ 2
min

σ 2
max − σ 2

min
∈ [0, 1], (10)

which quantifies the conservativeness of the comple-
tion relative to the range of all feasible solutions under
these constraints. To prevent a small number of extreme
yet feasible completions from dominating uncertainty
budgets, we exclude tasks whose normalised position
lies outside the interval [0.05, 0.95], following robust-
trimming principles in Huber and Ronchetti (2009); see
Appendix E.2 for details.

3.5.3.3. Sensitivity. Finally, we assess robustness to
sampling-error misspecification by perturbing the diag-
onal targets vi,k by ±5% (Huber and Ronchetti 2009;
Saltelli et al. 2004), recomputing the completion, and
recording the absolute and relative change in w��̂i,kw.
Small changes indicate that the inferred functional
uncertainty is both numerically stable and substantively
robust tomoderatemisspecification of themarginals that
could come from O∗NET sampling errors (Yuan and
Zhang 2013). For each task, we report the maximum
and minimum changes observed, as well as the spread
and symmetry of the variance estimates. Tasks exhibiting
numerically unstable sensitivity, specifically, those with
symmetric relative change exceeding 0.1 after a pertur-
bation of 5% of the marginals are excluded from further
analysis; see Appendix E.3 for details.

3.6. From tasks to full-time equivalents

The preceding sections established methods for estimat-
ing task occurrence rates μ̂i,k with full covariance struc-
tures. We now translate these annual occurrence esti-
mates into workforce-level metrics. This process involves
three stages. First, raw annual task frequencies are con-
verted into time shares to evaluate the proportion of
working time that occupation i allocates to task k. Second,
time shares are scaled by employment counts to calcu-
late FTE headcounts at the task levels. Third, tasks are
aggregated into cross-occupational DWAs to enable stan-
dardised comparisons across occupations. Uncertainty is
propagated at each stage to provide confidence intervals
of workforce estimates.

3.6.1. Occupation-level time shares
Let μ̂i,k denote the expected annual number of occur-
rences of task k in occupation i, let di,k be a fixed task
duration (hours per occurrence), and let Ki be the set of
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task indices within occupation i. Define the occupation-
level total number of task occurrences:

Mi =
∑
j∈Ki

μ̂i,j di,j. (11)

The time share πi,k that occupation i allocates to task k is

πi,k = μ̂i,k di,k
Mi

, where
∑
k∈Ki

πi,k = 1. (12)

πi,k represents the expected percentage of time someone
doing job i will spend on task k. In addition, we know
Var(μ̂i,k) and we assume that μ̂i,k is asymptotically nor-
mal (van der Vaart 2000). Under this assumption, we
propagate uncertainty using the delta method, follow-
ing standard variance approximations for ratio estima-
tors in survey sampling (Särndal, Swensson, and Wret-
man 1992). The resulting approximation is:

∂πi,k

∂μ̂i,k
= di,k

Mi

(
1 − πi,k

)
,

∂πi,k

∂μ̂i,j
= −πi,k di,j

Mi
(j 	= k),

(13)
and we get:

Var(πi,k)

≈ 1
(Mi)

2

⎡⎢⎢⎣d2i,k (
1− πi,k

)2 Var(μ̂i,k)+ π2
i,k

∑
j∈Ki
j	=k

d2i,j Var(μ̂i,j)

⎤⎥⎥⎦.

(14)

While the general expression holds, we follow the
standard simplifying assumption that all tasks within
an occupation have equal duration per occurrence and
set di,j = 1 (Martin and Monahan 2022; Tomlinson
et al. 2025). This assumption is required because O∗NET
reports task frequencies but not the time spent per exe-
cution. Importantly, this does not remove task hetero-
geneity: differences in total task time remain captured
through the annualisation vector w (6), which places
greater weight on high-frequency categories (e.g. hourly)
than on low-frequency ones (e.g. yearly) (Martin and
Monahan 2022). Under this assumption, (11) reduces
to Mi = ∑

j∈Ki
μ̂i,j and, by independence, Var(Mi) =∑

j∈Ki
Var(μ̂i,j). Equation (14) then simplifies to:

Var(πi,k) ≈ 1
M2

i

[(
1 − 2πi,k

)
Var(μ̂i,k) + π2

i,k Var(Mi)
]
,

(15)
and we show how to evaluate the proportion of time that
occupation i spends on task k, including a measure of
uncertainty.

3.6.2. Workforce-level FTE estimation
Having established occupation–task time shares πi,k and
their associated uncertainty, we scale these proportions
by employment levels to obtain task-level FTE counts.
LetNi denote the number of workers in occupation i and
SE(Ni) its sampling standard error. The estimated FTE
devoted to task k within occupation i is

F̂TEi,k = πi,k Ni, (16)

which satisfies
∑Ki

k=1 F̂TEi,k = Ni by construction. To
quantify uncertainty, we treat πi,k and Ni as independent
random variables and apply the exact variance formula
for the product of independent random variables (Good-
man 1960). Writing Var(Ni) = SE(Ni)

2, this yields

Var
(
F̂TEi,k

) = N2
i Var(πi,k) + π2

i,k Var(Ni)

+ Var(πi,k)Var(Ni). (17)

When employment counts are treated as fixed, SE(Ni) ≈
0 and the terms involving Var(Ni) vanish. The result-
ing estimate of task-level FTE is reported with a (1 − α)

confidence interval:

F̂TEi,k ± z1−α/2

√
Var

(
F̂TEi,k

)
, (18)

truncated to the interval [0,
∑

i Ni] to enforce natural
bounds.

3.6.3. Aggregating task FTEs
A key element of O∗NET is the tasks to DWA assign-
ments, which link occupation-specific tasks to shared
DWAs through amany-to-many relationship. This struc-
ture enables an inter-occupation workforce-level analysis
of FTEs since DWAs are shared between occupations.
However, aggregating task-level FTEs to DWA FTEs
introduces potential double-counting. To address this,
we assume a uniform distribution of FTEs across linked
DWAs and implement double-counting safeguards.

LetMi,k denote the set of DWAsm linked to task k in
occupation i. For each m ∈ Mi,k, the FTE contribution
from task k in occupation i to DWAm is allocated as:

F̂TEi,k,m = F̂TEi,k
|Mi,k| , (19)

where |Mi,k| ≥ 1 (in the special case when |Mi,k| = 1,
the full F̂TEi,k is assigned to the single DWA). The total
FTE for a given DWAm is obtained by summing over all
contributing task-occupation pairs:

F̂TEm =
∑
i

∑
k

m∈Mi,k

F̂TEi,k,m. (20)

The mappings |Mi,k| are fixed from the O∗NET dataset
and thus introduce no additional uncertainty. Under
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the assumptions of independence across tasks within an
occupation and across occupations (as in prior variance
propagations), the variance of each contribution simpli-
fies to:

Var(F̂TEi,k,m) =
(

1
|Mi,k|

)2
Var(F̂TEi,k), (21)

using the variance derived for F̂TEi,k in previous sections.
The total variance for F̂TEm is then:

Var(F̂TEm) =
∑
i

∑
k

m∈Mi,k

Var(F̂TEi,k,m), (22)

with a corresponding (1 − α) confidence interval given
by:

F̂TEm ± z1−α/2

√
Var(F̂TEm), (23)

truncated to [0,
∑

i Ni] to respect natural bounds. This
aggregation transforms task-level estimates into DWA-
level workforce FTEs. Since many DWAs are shared
among workers in the same industry, this enables direct
comparison of activities across occupations in the intral-
ogistics sector. Provided with uncertainty measures, this
enables workforce planning and AI-HRC design by
reporting the estimated FTE count performing each
activity.

4. Results

This section provides a structured overview of our find-
ings. The first subsection presents results on the data
cleaning procedure and descriptive statistics of the intral-
ogistics sector. The subsequent subsection evaluates the
performance and diagnostics of the covariance comple-
tion methodology. The final subsection combines DWA-
level FTE estimates with AI exposure scores to char-
acterise employment concentration across DWAs and
quantify the share of intralogistics workers in highly
exposed activities.

4.1. Results – data cleaning and descriptive
statistics

The data cleaning methodology described in Section 3.4
is applied to the intralogistics sector. Occupations
are initially filtered to keep only the ‘Transportation
and Warehousing’ sector ones. Because this classifica-
tion is broader than intralogistics, the analysis focuses
on occupations within transportation and warehousing
that involve internal material handling, coordination,
and operational management within logistics facilities,
excluding external transport and last-mile delivery. The

Table 1. Intralogistics dataset attrition by step: occupations and
tasks.

Occupations Tasks

Step Count
Cum.
loss (%) Count

Cum.
loss (%)

Initial intralogistics filter 20 – 408 –
After Task Ratings cleaning 14 30.00 219 46.32
After BLS 2024 match 11 45.00 167 59.07
Final vs. initial 11 45.00 167 59.07

selected occupations include both manual and manage-
rial roles, such as stockers,machine operators, logisticians,
and supply-chain managers (Appendix F).

The initial filtering of the intralogistics subset yields
20 Standard Occupational Classification (SOC) and 408
unique task statements. The Task Ratings cleaning proce-
dures produce 14 occupations and 219 tasks. Alignment
with the 2024 BLS naming convention further reduces
the subset to 11 occupations and 167 tasks mapped to 98
DWAs. Table 1 summarises the retention statistics.

Figure 2 illustrates the evolution of total employment
in the sector from 2015 to 2024, based on data from
the U.S. Bureau of Labor Statistics (2024). Employment
increased steadily until 2021 and then plateaued. The
spike in 2019 is attributable to an O∗NET occupational
reclassification (see Appendix G). Since 2022, the intral-
ogistics sector has consistently employed approximately
2.2 million workers in the United States, representing
about 1.4 percent of the total American workforce.

One interesting insight is the breakdown of the U.S.
intralogistics workforce by education level. Roles requir-
ing a higher education degree grew rapidly, increasing
from approximately 40,000 in 2015 to over 70,000 in
2024. In contrast, employment among workers with only
a high school diploma grew from 1.34 million to about
2.01 million, reflecting slower relative growth rates of
5.8 percent and 4.8 percent compound annual growth
rate, respectively. This percentage-point difference is pri-
marily attributable to an accelerated growth in recent
years. These patterns support a gradual but persistent
shift toward higher educational attainment within the
intralogistics sector (Figure 3).

4.2. Results – covariance completion diagnostics
and robustness

This section presents diagnostics for the covariance
matrices, focussing on feasibility, geometric conformity,
and sensitivity. Results are provided for both the com-
plete cleaned dataset (N = 11,834) and the subset of
intralogistics DWAs (N = 167).

(1) The assessment of covariance feasibility involves ver-
ifying the numerical and geometric validity of the
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Figure 2. Total employment in the filtered intralogistics sector, USA (2015–2024). Source: U.S. Bureau of Labor Statistics (2024).

Figure 3. Filtered intralogistics employment by education level (2015-2024). Source: U.S. Bureau of Labor Statistics (2024) & National
Center for O∗NET Development (2024).

completed covariance matrices. All task covariance
matrices in the datasets are positive semi-definite.
The maximum tangent residual is less than 10−10

indicating that the covariance matrices reside on
the feasible simplex. Detailed results are provided in
Appendix E.1.

(2) For each task, the estimated variance of the annual
occurrence, derived from the completed covariance
matrix, is compared to its feasible range. This range
is determined through convex optimisation with
identical marginal constraints, resulting in task-
specific lower and upper variance bounds. Each
task’s realised variance is normalised to a value
between zero and one within these bounds. The
mean normalised position for the intralogistics sec-
tor is 0.39 with a standard deviation of 0.12. No
meannormalised position outlier was present for the
intralogistics sector’s tasks. In contrast, 177 outliers

(1.5 percent) were identified in the full dataset
of 11,834 tasks. Detailed results are available in
Appendix E.2.

(3) The sensitivity of the covariance matrix to minor
changes in estimates is evaluated by perturbing the
target marginal variances by plus or minus 5 percent
and recalculating the full covariance completion for
each task. The symmetrised relative change in vari-
ance is thenmeasured. All intralogistics tasks exhibit
stable and well-conditioned behaviour, as modest
survey errors do not result in statistically signifi-
cant changes in task variance. In comparison, the full
dataset has 1 (0.01 percent) tasks failing directional
checks. Detailed results are provided in Appendix
E.3.

Diagnostics for the entire dataset identified 177
unique tasks (1.5 percent), where the covariance matrix
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Figure 4. Estimated FTEs by DWA Title with 90 percent Confidence Intervals.

did not satisfy at least one criterion. The small proportion
supports the use of covariance completion to reconstruct
matrices from marginal standard errors for task fre-
quency estimates. No covariance matrix was removed for
intralogistics tasks, yielding 167 appropriately behaved
task matrices. These diagnostics support the reliability of
our method used to calculate the FTEs of the task for the
intralogistics workforce.

4.3. Results – exposure to AI from intralogistics
workers

The main findings are now discussed in detail. Figure 4
illustrates estimated employment concentration across
the ten largest DWAs and their associated uncertainty
in the intralogistics sector. The columns indicate mean
FTE estimates in thousands, and the error bars repre-
sent 90 percent confidence intervals. For example, the
DWA ‘move materials, equipment, or supplies’ is esti-
mated to employ between 200,000 and 340,000 FTEs.
Notably, employment is concentrated in a limited num-
ber of DWAs, which correspond to the most common
operational roles. For instance, the ten largest DWAs
account for 54 percent of the total intralogistics work-
force (in terms of FTEs). This concentration reflects the
sector’s DWA structure, where recurrent operations such
as moving materials or supplies, monitoring cargo area
conditions, and recording production data account for
the largest FTE counts. The top ten DWAs by FTE count
are listed in Appendix H.

Figure 5 associates eachDWA to its AI exposure score.
The x-axis represents exposure to AI-driven automa-
tion, and the y-axis indicates FTE for each DWA. Each
point represents a DWA’s exposure and its mean FTE
estimate with a 90 percent confidence interval. The
shaded area depicts the cumulative FTE distribution.
The 85th percentile of the automation score identifies
the most exposed DWAs which are highlighted as red
crosses (Bouquet, Sheffi, and Kaboli 2026). This cate-
gorisation reveals that the equivalent of 16.4 percent, or
approximately 366,000 FTEs of the intralogistics work-
force may be affected by the implementation of AI-HRC.
The list of DWAs, their FTEs and confidence intervals are
depicted in Table 2.

Within the high-exposure DWAs in Table 2, three
tasks stand out by FTE magnitude: (i) Mark materials
or objects for identification, (ii) Monitor cargo area con-
ditions, and (iii) Review work orders or schedules to deter-
mine operations or procedures. Although these activities
differ in function, they share factors that make them par-
ticularly susceptible to partial automation; namely, repet-
itive visual or procedural inspection and the integration
of digital work-order systems.

These results collectively indicate that while employ-
ment remains concentrated in a few dominant DWAs,
the subset of tasks positioned at the higher end of the AI
exposure distribution tends to include both operational
and supervisory functions. This heterogeneity suggests
that the next stage of technological transformation in
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Figure 5. FTE Mean vs. AI Exposure with 90 percent Confidence Intervals and Cumulative Distribution.

Table 2. DWAs above 85th percentile AI-HRC exposure, ordered
by FTE.

DWA Title FTE Estimate SE

Mark materials or objects for identification 122,047 18,623
Monitor cargo area conditions 47,346 15,487
Review work orders or schedules to determine
operations or procedures

45,661 8424

Record shipping information 33,522 5191
Attach identification information to products,
items, or containers

23,610 5659

Receive shipments 23,314 3798
Read work orders to determine material or setup
requirements

21,862 3283

Prepare documentation for contracts, transactions,
or regulatory compliance

16,669 4149

Verify information or specifications 11,842 2349
Analyze shipping information to make routing
decisions

9579 2611

Store records or related materials 6502 1531
Measure product or material dimensions 6140 723
Record production information 1352 202
Prepare products for testing 198 71
Collect samples of materials or products for testing 198 71
Prepare informational or reference materials 128 51
Total 366,958 29,087

intralogistics may not involve the replacement of full
occupations, but rather the augmentation of specific
tasks. Consequently, precise strategic workforce planning
is necessitated at the DWA level to effectivelymanage this
transition.

5. Discussion

The uncertainty-aware approach developed in this study
provides an understanding of the range of labour

distribution across tasks. The following discussion
connects this new methodology to three operational
domains: strategic workforce planning, AI-HRC design,
and resilience under uncertainty.

5.1. Functional areas and task-Level reallocation
for AI-HRC

Using our results, DWAs can be grouped into three
domains ripe for AI-HRC: administrative and coordina-
tion tasks, material handling, and monitoring.

In administrative and coordination functions, enter-
prise resource planning systems already streamline doc-
umentation, data transfer, and scheduling. Generative
AI assistants now extend these systems by automatically
summarizing orders and drafting reports, enhancing effi-
ciency inwhat were oncemanual clerical and supervisory
workflows (Pennathur et al. 2024).

In material handling and storage, automation tech-
nologies such as AMRs, RMFS, and robotic process
automation embody the physical side of AI integration.
Computer vision, path planning, and digital twin models
enable robots to navigate, transport goods, and coordi-
nate warehouse operations dynamically (Boysen and De
Koster 2025; Fragapane et al. 2021; Li et al. 2023). In
these contexts, automation can replace human labour.
Tasks once done manually by workers can be handled
by machines, while oversight, exception management,
and safety remain with human operators. These supervi-
sory roles entail distinct responsibilities andmay be filled
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by personnel other than those who performed manual
labour.

Finally, in monitoring and inspection, perception-
driven AI and sensor networks are automating qual-
ity control and environmental supervision. Vision-based
defect detection, predictive maintenance, and anomaly
detection systems continuously collect and interpret data,
shifting the human role from routine checking toward
diagnostic and decision-making functions (Li et al. 2023;
Liu et al. 2022).

Overall, these three domains illustrate how AI-HRC
transforms intralogistics into a hybrid ecosystem where
automation enhances precision and productivity while
humans are responsible for oversight and exception han-
dling. In this context, targeted, task-specific interventions
allow for more precise allocation of training resources
and can improve workforce placement outcomes as AI-
HRC displaces human labour. A detailed section with the
selected DWAs and ready-to-deploy AI-HRC technolo-
gies is presented in Appendix I.

5.2. Strategic workforce planning and real-time
decisionmaking

Traditional workforce planning typically employs a top-
down approach, with managers estimating headcount
based on projected revenue and demand (Cantrell and
Klosk 2025). Instead of viewing workforce planning
as a periodic activity, the proposed framework sup-
ports continuous, real-time monitoring of task alloca-
tions between human workers and robots. The task-level
model can be updated as employees are hired, reas-
signed, or their employment ends. When integrated with
data on AI-driven robotic innovations, this approach
transforms AI-HRC and workforce planning from a
static process into a dynamic organisational intelligence
system (Teece, Pisano, and Shuen 1992; Xu, Liu, and
Montreuil 2024).

This dynamic approach facilitates scenario-based
staffing strategies, allowing organisations to simulate the
effects of AI-HRC and directly connect automation to
workforce impact. These simulations provide insights
into operational risk and enable the evaluation of work-
force strategies for AI-HRC design. For instance, the
largest intralogistics task, ‘move materials, equipment, or
supplies’, has a 90 percent confidence interval of approx-
imately 200,000 and 340,000 FTEs, supporting multiple
staffing scenarios grounded in empirical data. A conser-
vative AI-HRC scenario with a 90/10 human-to-robot
ratio would affect between 20,000 and 34,000 FTEs,
while an aggressive 40/60 split would reduce the work-
force by at least 120,000 FTEs. Even limited automation

can significantly affect workforce size and wage bill
costs.

As human labour may remain less expensive than AI-
HRC, this research can help identify the inflection point
at which automation becomes economically viable for
the organisation and the expected amortization period
from AI-HRC investment. Scenario analysis provides
a proactive, data-driven basis for workforce planning
and clarifies accountability for workforce and investment
decisions.

5.3. Employee retention and supply-chain resilience

The intralogistics sector faces substantial workforce
volatility, with an annual turnover rate of 49 percent,
nearly three times theU.S. average and among the highest
across all sectors (U.S. Bureau of Labor Statistics 2024).
This labour instability is a major supply chain vulnera-
bility, as disruptions to human capital can cause oper-
ational delays and performance losses (Nagurney and
Ermagun 2022). AI-HRC helps mitigate these risks by
improving working conditions in hazardous environ-
ments, reallocating personnel from repetitive tasks to
higher-value activities, and increasing employee tenure
and job satisfaction (Baltrusch et al. 2021).

Identifying workers in high-exposure DWAs who are
suitable for upskilling and internal mobility prior to
installing automation preserves firm-specific knowledge
and stabilises the workforce. The proposed framework
supports AI-HRC planning by enabling organisations
to quantify workforce impacts before deployment of
automation and to invest in targeted capability devel-
opment. From this perspective, AI-HRC represents an
opportunity to enhance operations and invest in struc-
tured upskilling and career advancement. Such invest-
ments generate both financial and strategic benefits.
Internal workforce development reduces recruiting costs
and knowledge attrition, whereas external hiring is gen-
erally more expensive and associated with lower initial
performance and higher turnover compared to inter-
nal movers (Bidwell 2011). Furthermore, organisational
career growth is a strong predictor of employee reten-
tion, thereby reducing workforce volatility (Rani, Sood,
and Chaurasia 2024).

In summary, proactive workforce planning strength-
ens supply chain resilience by promoting workforce con-
tinuity and delivering financial advantages compared to
external hiring.

6. Conclusion, managerial implications, and
future research

Wepresent a stochastic, task-basedworkforce framework
that converts O∗NET task frequencies into annualised
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occurrences, completes covariances under simplex con-
straints via a semidefinite program, and propagates
uncertainty to task- and DWA-level full-time-equivalent
(FTE) estimates. The method yields interpretable con-
fidence intervals and detailed employment maps that
show where intralogistics labour time is concentrated.
Results indicate that the most AI-exposed DWAs span
both operational and supervisory activities.

Three findings stand out. First, intralogistics employ-
ment is concentrated in a relatively small set of DWAs,
so a focussed subset of activities accounts for a large
share of the sector’s labour time. Second, the top 15 per-
cent of DWAs suitable for AI-HRC encompasses several
hundred thousand FTEs, indicating that even conserva-
tive adoption paths will affect workforce allocations at
scale. Third, themost exposedDWAs span operational as
well as coordination and administrative functions, so that
near-term change may be multifaceted and will require
careful, task-level workforce planning.

RQ1: can we construct task-level full-time equivalent
(FTE) estimates and characterise their statistical uncer-
tainty?

Our findings show that a stochastic workforce frame-
work can systematically estimate FTE requirements per
task by modelling task frequencies as probability vec-
tors on the simplex, completing their covariance struc-
ture, and propagating this uncertainty to task-level FTEs.
The approach makes its assumptions explicit and evalu-
ates mathematical consistency through feasibility, geom-
etry, and sensitivity diagnostics. The resulting confidence
intervals translate task frequency data from surveys into
a range of workforce estimates, supporting more gran-
ular planning by identifying where labour time concen-
trates and how robust these estimates are to sampling and
modelling uncertainty.

RQ2: how can task-level FTE estimates combinedwith
AI exposuremetrics inform strategic AI-HRCdesign and
workforce planning?

Applied to the intralogistics sector, the stochastic
workforce framework provides FTE estimates per task
and per DWA, which can be combined with task-
level automation exposure metrics to inform AI-HRC
design. By linking FTE estimates to exposure indices,
the framework identifies DWAs with both substantial
labour demand and high suitability for AI-HRC, thereby
quantifying the number of workers whose tasks are
most exposed to reallocation or elimination under differ-
ent automation scenarios. This supports scenario-based
workforce planning (e.g. conservative versus aggressive
AI-HRC adoption), allows managers to anticipate where
headcount reductions or role redesign are most likely to
be required, and highlights priority areas for upskilling
and redeployment. In turn, such targeted planning can

improve employee retention and, ultimately, enhance
intralogistics and supply chain resilience.

6.1. Managerial implications

• AI-HRC design. Combining FTE estimates with
automation exposure metrics enables targeted pri-
oritisation of AI-HRC initiatives. High-FTE, high-
exposure DWAs can be treated as priority candi-
dates for intervention,whether throughdeploying col-
laborative robots, implementing advanced decision-
support tools, or redesigning workflows. Conversely,
DWAs with lower exposure or high uncertainty in
FTE estimates may warrant more cautious experi-
mentation. Aligning AI-HRC investments with this
task-level analytics can help ensure that resources are
focussed on activities where they are most likely to
generate productivity gains.

• Strategic workforce planning. Task-level FTE esti-
mates and their confidence intervals support scenario-
based staffing decisions. By simulating conservative
and aggressive AI-HRC adoption paths (for example,
shifting a fraction of task time to automated systems),
managers can quantify how many FTEs are affected
under each scenario and assess the risk associatedwith
different automation strategies. This moves workforce
planning beyond deterministic headcount projections
toward uncertainty-aware, task-driven analyses.

• Resilience under uncertainty. The framework sup-
ports proactive talent management. By identifying the
DWAs where AI-HRC is most likely to change work
content, firms can design upskilling and reskilling
pathways that anticipate task reallocation rather than
reacting to it ex post. In this way, AI-HRC can be posi-
tioned as an instrument for workforce stabilisation
and long-term operational robustness.

6.2. Future research

Several avenues for future research emerge from this
study. First, while the present analysis is deliberately
scoped to intralogistics and AI-HRC, the proposed task-
level FTE framework is inherently generalisable as it
builds on the O∗NET occupational taxonomy which
spans the full U.S. economy. Extending the empiri-
cal implementation to additional industries therefore
requires no changes to the core methodology, only a
redefinition of the occupational subset and associated
task mappings. Such extensions would enable cross-
industry workforce impact assessments and allow the
framework to inform economy-wide workforce transi-
tion strategies. Second, relaxing the assumptions of equal
task durations within occupations and uniform split of
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task time across linkedDWAs using empirical data would
allow richer heterogeneity as well as more precise task-
DWA mappings. Third, the current analysis treats task
frequencies and employment levels as cross-sectional.
Extending the framework to panel data would enable
analysis of dynamic adjustments in task composition
and FTE allocations around AI-HRC adoption, includ-
ing quasi-experimental designs. Fourth, combining the
stochastic workforce framework with wage data would
permit evaluation of how AI-HRC affects the distribu-
tion of labour income across DWAs, not just quanti-
ties of labour. Finally, the automation exposure met-
rics are derived from external text corpora; validating
them with direct measures of technology deployment
would strengthen the framework and better support the
design of operationally effective and socially sustainable
AI-HRC systems.
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