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ABSTRACT

This paper addresses the challenge of strategic workforce planning for Al-driven
human-robot collaboration (AI-HRC) in intralogistics. We ask two questions: how
can task-level full-time equivalent (FTE) estimates be constructed from existing la-
bor statistics, and how can these estimates, combined 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
AT 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 estimates with uncer-
tainty bounds. Applying the framework to the U.S. intralogistics workforce, we find
that roughly 380,000 FTEs (about 17% of workers) are concentrated in DWAs in
the top 15% of Al-exposed DWAs. These results provide task-specific insight into
Al-driven automation and support scenario-based workforce planning by linking al-
ternative 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 organization, producing heterogeneous
effects across tasks, occupations, and industries. Recent audits indicate that approxi-
mately 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 thousands of real interactions demonstrates high applicability for
information-gathering, writing, and advising tasks, particularly where communication
and coordination are essential (Tomlinson et al. 2025). Task-based economic research
finds that digital technologies often replace routine tasks but augment non-routine
problem solving (Autor, Levy, and Murnane 2003; Autor and Dorn 2013). These
findings underline the importance of task-level analysis of Al-driven automation. To
further understand the impact of Al, it is necessary to embed it within physical task
systems, integrating sensing, actuation, and human judgment to enable coordination
between robots and frontline workers. This integration is especially relevant in the
operational context of logistics.

The logistics sector is undergoing a significant transformation as Al-driven
technologies reshape transportation, warehousing, and distribution. Performance
in logistics depends on synchronous, high-volume task execution and must adapt
to volatility from demand peaks, SKU proliferation, and service-level pressures.
Warehousing has shifted from picker-to-parts systems to robotized fulfillment centers,
resulting in higher service quality and reduced lead times (Boysen and De Koster
2025). Industry 4.0 technologies and digital twins reduce information lags and
enable tighter synchronization between production and warehousing (Li et al. 2023;
De Koster et al. 2025). Digital twins are best understood as cyber-physical systems
that maintain real-time, data-driven representations of logistics processes through
continuous streams of IoT and operational data (Park, Son, 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
fulfillment systems (RMFS) are seeing growing adoption in intralogistics, as more
facilities integrate them into their planning and control processes (Fragapane et al.
2021). However, the sector continues to rely heavily on human workers, particularly in
picking, sorting, and exception handling, where variability, damage, and unique items
constrain the potential for full automation (U.S. Bureau of Labor Statistics 2024).

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



To address the evolving nature of work in intralogistics 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 Al automation exposure studies to inform Al-
HRC workforce planning. Methodologically, this approach extends prior work by Cai
et al. (2025) by defining the intralogistics industry as a set of job-task pairs and
incorporating uncertainty 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. intralogistics workforce. Although the primary focus is on the U.S.
intralogistics sector, the methodology is broadly applicable and can be replicated
for any workforce. When combined with Al exposure studies, this work can support
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, ToT 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 organized as follows. Section 2 reviews the litera-
ture 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 diagnostics 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 summarizes key insights and outlines directions for
future research.

2. Literature Review

We present a comprehensive literature review on Al-driven automation, focusing on
intralogistics. The section is organized as follows: first, modeling technological impact
with task-based workforce models; next, presenting empirical evidence on Al innova-
tions; finally, reviewing current Al-driven technologies in intralogistics and AI-HRC.

2.1. Modeling the Impact of Technological Innovation Through
Task-Based Workforce Models

The relationship between technological progress and the reorganization of work has
been studied for decades using task-based economics. Foundational work formalized
how computers substitute for routine tasks and complement non-routine cognitive
and social functions, giving rise to labor-market polarization analyses (Autor, Levy,
and Murnane 2003; Autor and Dorn 2013). Subsequent work extended this framework
to automation and Al, showing that new technologies both displace and create task
frontiers (Autor 2015; Acemoglu and Restrepo 2019; Autor et al. 2024). This decompo-
sition of occupations into constituent tasks, and the evaluation of their susceptibility
to technological change, has become standard in labor economics and management
studies (Frey and Osborne 2017; Brynjolfsson and Mitchell 2017; Felten, Raj, and
Seamans 2018; Eloundou et al. 2024).



2.2. Empirical Evidence on the Effects of AI Innovations

A parallel body of empirical literature quantifies the effects of Al-driven innovations
on productivity and work quality. Randomized and quasi-experimental studies across
multiple domains demonstrate substantial but heterogeneous gains that depend on
task structure and worker experience. In software engineering, controlled 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 narrowing performance dispersion among workers (Noy and Zhang
2023). Field studies in customer support and consulting suggest that generative Al
improves both throughput and consistency, particularly among less experienced em-
ployees (Brynjolfsson, Li, and Raymond 2025; Dell’Acqua et al. 2023). Collectively,
these studies indicate that Al-driven technologies are primarily redistributive rather
than purely additive. They elevate lower performers, reduce productivity variance,
and shift expertise toward supervision and integration with existing workflows, rather
than completely redefining them. These behavioral mechanisms influence how Al ex-
posure translates into performance gains and establish a baseline for understanding
the augmentation enabled by this technology.

2.3. AlI-driven Technologies in Intralogistics and HRC

While most Al-work studies focus on digital services, intralogistics offers a crucial
testing ground where information processing and physical execution converge. Across
successive automation waves, warehouse systems have evolved from human-supervised
information platforms to nearly autonomous decision-making layers, computerizing
functions such as navigation, scheduling, routing, and replenishment (Boysen and
De Koster 2025). AMRs now coordinate movements once assigned manually, RMFS
manage retrieval tasks formerly handled by forklift or pallet operators, and IoT-based
predictive maintenance automates monitoring and fault prediction previously per-
formed by technicians (Li et al. 2023). The digital and physical layers have effectively
merged - each pick, scan, and movement generates data that feeds learning algorithms
for continuous optimization. Industry 4.0 instrumentation and digital-twin synchro-
nization reduce information latency and tightly couple production with intralogistics
in near real time, supporting scenario analysis, capacity planning, and resilience test-
ing under disruptions (Li et al. 2023; De Koster et al. 2025; Liu, Pan, and Ballot 2024).

Within this technological transition, AI-HRC has become the organizing principle
of next-generation intralogistics systems. Research based on current technology in-
creasingly 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 con-
tribute dexterity, contextual awareness, and adaptive decision-making (Perotti et al.
2025; Pasparakis, de Vries, and de Koster 2023). As tasks are divided in AI-HRC, even
minor adjustments in automation 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—Al task systems
(Nourmohammadi et al. 2025).



3. Methodology

This section introduces the workforce modeling framework, followed by a description of
the data sources and preprocessing steps. We outline the statistical approach for esti-
mating task times and associated uncertainties. Finally, these estimates are translated
into FTEs and aggregated to inform AI-HRC strategic workforce planning.

3.1. Owverview and Framework

The framework developed in this study provides a unified set of processes for translat-
ing occupational-level data into task-level estimates for AI-HRC workforce planning.
The framework consists of five structured stages, as illustrated in Figure 1.
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Figure 1.: A modeling framework for estimating the number of workers per task within
the intralogistics sector.

The model integrates three key data sources: (i) intralogistics job employment data;
(ii) detailed task-job relationships; and (iii) metrics of task exposure to AI. The model
translates occupational data into task-level FTE ranges. Diagnostic tests validate the
model’s internal consistency. The outputs are interpreted along three dimensions: ag-
gregation of FTEs at the task level, integration of Al exposure scores to identify tasks
most suitable for AI-HRC, and strategic workforce planning. The methodological as-
sumptions underlying this framework are stated throughout Section 3 and summarized
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 pre-
processing steps.

3.2.1. BLS Employment and Wage Data

We obtained employment data for the Transportation and Warehousing sector from
the Bureau of Labor Statistics (BLS) Occupational Employment and Wage Statistics
(OEWS) program. The OEWS is a semiannual survey covering approximately 830
occupations based on a sample of approximately 1.1 million establishments represent-
ing 55 percent of total U.S. employment (U.S. Bureau of Labor Statistics 2024). The
OEWS reports employment counts by occupation along with standard errors derived
from the survey design. This paper employs the May 2024 OEWS release.



3.2.2. O*NET Occupational Data

The O*NET serves as the leading repository of standardized 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 Adminis-
tration. The O*NET Content Model organizes occupational information hierarchically
(National Center for O*NET Development 2024). The database includes about 55,000
job titles which are consolidated into approximately 900 detailed occupational pro-
files. Each profile breaks an occupation into work elements organized hierarchically
across several precision levels. At the finest granularity, over 18,000 unique task state-
ments describe specific activities workers perform. They are grouped into about 2,000
Detailed Work Activities (DWAs). The structure of the data, survey protocols, and ex-
tracts of the data tables used are provided in Appendix C. This study utilizes O*NET
version 28.3, released in May 2024.

3.3. AI Exposure Metrics by Task

We adopt the Al exposure metrics proposed by Bouquet, Kaboli, and Sheffi (2025).
This methodology embeds DWA descriptions using the SBERT model 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 relevance” filter derived from
the RoBERTa sentiment model to distinguish actual technological capability from me-
dia speculation. The metric explicitly prioritizes neutral sentiment: in the context of
technological news, neutrality serves as a proxy for objective reporting on actual de-
ployments (e.g., “The warehouse implemented AMRs”), whereas polarized sentiment
typically reflects editorializing (e.g., “Robots will save/destroy the workforce”). By iso-
lating 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 comparability across DWAs and robustness to
short-term fluctuations in news coverage. The result is a continuous score between 0
and 1 for each DWA, indicating the potential exposure to Al-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 modeling and to ensure that all valid and available
information is used.

(1) Preliminary cleaning involved dropping rows flagged by O*NET as “Recom-
mend 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 Modeling

This section introduces a framework for estimating the number of FTEs performing
tasks within an organization, 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 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 ¢ index occupations and k tasks. Denote by ﬁik the design-based per-
centage of incumbents who mark task k as relevant in occupation i, with standard
error SE(RT ;). We convert to probabilities via

—_ _ 2
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Similar to Martin and Monahan (2022), we introduce an explicit unconditional “never”
category (indexed r = 0) as the complement of relevance,

Diko =1— R, Var(p; x,0) = Var(R; ). (2)

Conditioned on relevance, O*NET reports the design-based estimator of the percent-
age of workers choosing each frequency category r» = 1,...,7, denoted FT';; , with
standard errors SE(FT); k). We first rescale them:

. FT, 4 . SE(FT; .
Fi,k’,'f = #, Var(ﬂ7k7r) = <(10OZ”T)> R ZFi,k,r =1. (3)
r=1

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

1-— Rl k> r= 07 !
Dikr =9 o Dikr = 1. (4)
{Ri,kﬂ,kﬂ“a 7/.:17"'777 rz:%

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

Var(pir,r) = FZri Var(R; ) + Rzzk; Var(Fjr,) + Var(Rix) Var(Fig,). (5)
If any p; 1, evaluates to zero after construction (or its standard error is numerically

zero), we add € = 1079 for computational stability to the affected entries and
renormalize p; ;, to maintain the simplex constraint.



To translate the unconditional category probabilities into expected annual occur-
rence counts, we use an annualization vector based on the work by Tomlinson et al.
(2025).

w = [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 conservative lower-
end midpoints of the “more than” intervals (e.g., 4 &~ 2x per half-year; 24 ~ 2x per
month) and standard full-time assumptions (hourly ~ 2080 work-hours/year). Finally,
let fi; 5, be the plug-in estimator of the expected annual number of occurrences for task
k in occupation i:

7
fig =W Dix =Y W Pigy (7)
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While the O*NET survey uses a complex design, we adopt a model-based approach
for uncertainty analysis. We treat the empirically derived probability vector p; as
the latent population distribution and assume each worker’s categorical response is an
independent and identically distributed draw from p; j.

3.5.2.  Cowvariance Completion

Determining the uncertainty of the annualized task frequency, fi; , = WTf’i,kv requires

the full covariance matrix /X\llk € S8, the space of symmetric 8 x 8 matrices.. However,
O*NET survey data provides only the marginal variances, leaving the cross-category
correlations undefined. To recover a valid covariance structure, we formulate a convex
completion problem that enforces consistency 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 vector on the unit simplex must
satisfy the tangent space constraint 31 = 0 (Aitchison 1982). We estimate ¥; , by se-
lecting the positive semidefinite (PSD) matrix that satisfies this geometric constraint
and matches the reported marginals, while minimizing the Frobenius norm ||X||g.
This objective function acts as a parsimonious regularizer (Horn and Johnson 2012;
Boyd and Vandenberghe 2004): it recovers the minimum-energy covariance structure
required to satisfy the constraints, thereby avoiding the imposition of spurious cor-
relations. This approach is robust to survey noise, as Frobenius norm minimization
prevents the amplification of sampling errors into the off-diagonal terms (Yue et al.
2024).

All semidefinite programs are solved with MOSEK (2025); solver settings are
reported in Appendix D.

Let vi, = [vi’k,o,...,v@kj]T, where v;, = Var(p;r,) denotes the reported

marginal variance for frequency category r of task k in occupation ¢. We obtain the



covariance matrix X; j as:

~

Yik € arggéisrg 12 7,

s.t. X =0, (8)
diag(X) = vix,
¥1=0.
Here, || - || denotes the Frobenius norm, S® the space of symmetric 8 x 8 matrices, and

31 = 0 enforces the unit-sum property of probabilities. The variance of the plug-in
estimator fi; = WTIA)UC follows from the law of propagation of variances (Bevington
and Robinson 2003)

~

Var(fliy) = w' % w, 9)

3.5.8.  Model Diagnostics

We assess the completed covariance matrices f]lk along three dimensions: feasibility,
geometry on the simplex, and robustness.

3.5.3.1. Feasibility and Simplex Geometry. We first verify the solver conver-
gence for each solution of problem (8), since there is a potential for ill-conditioning and
numerical instability in PSD problems (Wolkowicz, Saigal, and Vandenberghe 2000).
Hence we check the feasibility of each converged solution, based on two principal cri-
teria. N
The simplex tangent constraint is imposed exactly: each estimated covariance X; j,

must satisfy 3; ;1 = 0, ensuring compatibility with compositional geometry (Aitchi-
son 1982). Positive semidefiniteness is verified numerically by requiring )\min(ii,k) >
—1078, consistent with standard solver tolerances and reflecting typical floating-point
precision (Wolkowicz, Saigal, and Vandenberghe 2000).

Solutions are deemed feasible only if both criteria are met; otherwise, the task is
rejected from the model. For additional rigor and reference, we report supplementary
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 estima-
tor, fi; 1, as WTEU{W. We benchmark this value against the feasible variance interval
[02. .02 ..], which is obtained by solving two auxiliary problems to minimize and max-

imize w Xw, subject to ¥ > 0, diag(X) = v, x, and X1 = 0 (Boyd and Vandenberghe
2004). We report the normalized position

WS w — o2,
. i,k 2Um1n c [0’ 1]’ (10)
g — O,
max min

which quantifies the conservativeness of the completion 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



normalized position lies outside the interval [0.05,0.95], following robust-trimming
principles in Huber and Ronchetti (2009); see Appendix E.2 for details.

3.5.3.8. Sensitivity. Finally, we assess robustness to sampling-error misspecifi-
cation by perturbing the diagonal targets v;; by £5% (Huber and Ronchetti 2009;
Saltelli et al. 2004), recomputing the completion, and recording the absolute and rel-
ative change in WTii7kW. Small changes indicate that the inferred functional uncer-
tainty is both numerically stable and substantively robust to moderate misspecifica-
tion of the marginals 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 perturbation 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 estimating task occurrence rates fi;
with full covariance structures. We now translate these annual occurrence estimates
into workforce-level metrics. This process involves three stages. First, raw annual task
frequencies are converted 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 calculate FTE headcounts at the task levels. Third, tasks are aggregated
into cross-occupational DWASs to enable standardized comparisons across occupations.
Uncertainty is propagated at each stage to provide confidence intervals of workforce
estimates.

3.6.1.  Occupation-level Time Shares

Let fi;; denote the expected annual number of occurrences of task k in occupation
i, let d; 1 be a fixed task duration (hours per occurrence), and let K; be the set of
task indices within occupation 7. Define the occupation-level total number of task
occurrences:

My = > fujdi. (11)
JEK;
The time share 7; ;, that occupation ¢ allocates to task k is

e ds
ik = %, where Z mik = L. (12)
v keK;

m; ) represents the expected percentage of time someone doing job ¢ will spend on task
k. In addition, we know Var(fi; ;) and we assume that fi;; is asymptotically normal
(van der Vaart 2000). Under this assumption, we propagate uncertainty using the delta
method, following standard variance approximations for ratio estimators in survey
sampling (Sarndal, Swensson, and Wretman 1992). The resulting approximation is:

10
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J

While the general expression holds, we follow the standard simplifying assumption
that all tasks within an occupation have equal duration per occurrence and set
d;j = 1 (Tomlinson et al. 2025; Martin and Monahan 2022). This assumption is re-
quired because O*NET reports task frequencies but not the time spent per execution.
Importantly, this does not remove task heterogeneity: differences in total task time re-
main captured through the annualization vector w (6), which places greater weight on
high-frequency categories (e.g., hourly) than on low-frequency ones (e.g., yearly) (Mar-
tin and Monahan 2022). Under this assumption, (11) reduces to M; = 3,y fi;,; and,
by independence, Var(M;) = 3¢, Var(fiij). Equation (14) then simplifies to:

1
Var(mi) & 5| (1= 2m) Var(iise) + w2 Var(M) |, (15)

and we show how to evaluate the proportion of time that occupation ¢ on task k,
including a measure of uncertainty.

3.6.2.  Workforce-level FTE FEstimation

Having established occupation-task time shares m; ;, and their associated uncertainty,
we scale these proportions by employment levels to obtain task-level FTE counts. Let
N; denote the number of workers in occupation i and SE(XV;) its sampling standard
error. The estimated FTE devoted to task k within occupation ¢ is

FT/TEi,k = mik N, (16)

which satisfies Zf;l F/TTEM = N; by construction. To quantify uncertainty, we treat
m; 1 and IN; as independent random variables and apply the exact variance formula for
the product of independent random variables (Goodman 1960). Writing Var(V;) =
SE(N;)?, this yields

Var(FTE; ) = N? Var(mi) + 2, Var(Ni) + Var(my) Var(N).  (17)

When employment counts are treated as fixed, SE(N;) =~ 0 and the terms involving
Var(N;) vanish. The resulting estimate of task-level FTE is reported with a (1 — «)

confidence interval:
FTE:; + zl_a/ﬂ/Var(lﬁ@k), (18)
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truncated to the interval [0, ), N;] to enforce natural bounds.

3.6.3. Aggregating Task FTEs

A key element of O*NET is the tasks to DWA assignments, which link occupation-
specific tasks to shared DWAs through a many-to-many relationship. This structure
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.

Let M, denote the set of DWAs m linked to task k£ in occupation i. For each
m € M, the FTE contribution from task % in occupation ¢ to DWA m is allocated
as:

. FTE;
FTE; fm = |M':| , (19)
2y

where |M; ;| > 1 (in the special case when |[M; ;| = 1, the full lﬁ@k is assigned to
the single DWA). The total FTE for a given DWA m is obtained by summing over all
contributing task-occupation pairs:

FTE, =Y Y FIEkm. (20)
7 k

meM,; i

The mappings |M; | are fixed from the O*NET dataset and thus introduce no
additional uncertainty. Under the assumptions of independence across tasks within an
occupation and across occupations (as in prior variance propagations), the variance of
each contribution simplifies to:

2
Var(FTE; . m) = ( ) Var(FTE; 1), (21)

| M |

using the variance derived for F'TE; ;. in previous sections. The total variance for FTE,,
is then:

Var(F/ﬁm):Z Z Var(m/\Ei,k,m)7 (22)
i k

meM,; i

with a corresponding (1 — «) confidence interval given by:

FTE,, + Zi—a/2 Var(@m), (23)

12



truncated to [0, ", NV;] 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 occu-
pations in the intralogistics sector. Provided with uncertainty measures, this enables
workforce planning and AI-HRC design by reporting the estimated FTE count per-
forming each activity.

4. Results

This section provides a structured overview of our findings. 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 completion methodology. The final subsection combines DWA-level
FTE estimates with AI exposure scores to characterize employment concentration
across DWAs and quantify the share of intralogistics workers in highly exposed activ-
ities.

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 Ware-
housing” sector ones. Because this classification 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 selected occupations
include both manual and managerial roles, such as stockers, machine operators, logis-
ticians, and supply-chain managers (Appendix F).

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

The initial filtering of the intralogistics subset yields 20 Standard Occupational
Classification (SOC) and 408 unique task statements. The Task Ratings cleaning pro-
cedures 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 summarizes the retention statistics.
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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 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 intralogistics
sector has consistently employed approximately 2.2 million workers in the United
States, representing about 1.4 percent of the total American workforce.
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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).

One interesting insight is the breakdown of the U.S. intralogistics workforce by
education level. Roles requiring 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 primarily attributable to
an accelerated growth in recent years. These patterns support a gradual but persistent
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shift toward higher educational attainment within the intralogistics sector.

4.2. Results - Covariance Completion Diagnostics and Robustness

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

(1) The assessment of covariance feasibility involves verifying the numerical and
geometric validity of the completed covariance matrices. All task covariance ma-
trices in the datasets are positive semi-definite. The maximum tangent residual
is less than 10~'0 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 optimization with identical marginal constraints,
resulting in task-specific lower and upper variance bounds. Each task’s realized
variance is normalized to a value between zero and one within these bounds.
The mean normalized position for the intralogistics sector is 0.39 with a stan-
dard deviation of 0.12. No mean normalized 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 evalu-
ated by perturbing the target marginal variances by plus or minus 5 percent and
recalculating the full covariance completion for each task. The symmetrized rel-
ative change in variance is then measured. All intralogistics tasks exhibit stable
and well-conditioned behavior, as modest survey errors do not result in statis-
tically significant 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 did not satisfy at least one criterion. The small proportion supports
the use of covariance completion to reconstruct matrices from marginal standard er-
rors for task frequency 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 FTE 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 employ-
ment 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 represent 90 percent confidence intervals. For example, the DWA
“move materials, equipment, or supplies” is estimated to employ between 200,000 and
340,000 FTEs. Notably, employment is concentrated in a limited number of DWAs,
which correspond to the most common operational roles. For instance, the ten largest
DWAs account for 54 percent of the total intralogistics workforce (in terms of FTEs).
This concentration reflects the sector’s DWA structure, where recurrent operations
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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.
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Figure 4.: Estimated FTEs by DWA Title with 90 percent Confidence Intervals.

Figure 5 associates each DWA to its Al exposure score. The x-axis represents ex-
posure to Al-driven automation, 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 con-
fidence interval. The shaded area depicts the cumulative FTE distribution. The 85th
percentile of the automation score identifies the most exposed DWAs which are high-
lighted as red crosses (Bouquet, Kaboli, and Sheffi 2025). This categorization reveals
that the equivalent of 16.4 percent, or approximately 366,000 FTEs of the intralogis-
tics workforce may be affected by the implementation of AI-HRC. The list of DWAsS,
their FTEs and confidence intervals are depicted in Table 2

16



100

® FTE estimates (90% Cl)
Cumulative FTE %
300k 83.6%
80
° =
250k s
-
©
5
—_ 60 2
% 200k 5
“E’ ]
: .
[1E)
£ 150k? 20 S
>
° 2
>< ©
g
100k
® ® 8
; ! 20
50k ? ° X x
| : ¢ X
ol ° o ° o ® X
¢ ® 9 s 40 s ® ° % X o
ok—=2 0.t ¢ 2MaPrectfa,mm o0t , Fx 0
0.20 0.30 0.40 0.50 0.60 0.70 0.81

Al Exposure Score
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Within the high-exposure DWAs in Table 2, three tasks stand out by FTE mag-
nitude: (i) Mark materials or objects for identification, (ii) Monitor cargo area condi-
tions, and (iii) Review work orders or schedules to determine operations or procedures.
Although these activities differ in function, they share factors that make them par-
ticularly susceptible to partial automation; namely, repetitive visual or procedural

inspection and the integration of digital work-order systems.

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 8,424
Record shipping information 33,522 5,191
Attach identification information to products, items, or containers 23,610 5,659
Receive shipments 23,314 3,798
Read work orders to determine material or setup requirements 21,862 3,283
Prepare documentation for contracts, transactions, or regulatory compliance 16,669 4,149
Verify information or specifications 11,842 2,349
Analyze shipping information to make routing decisions 9,579 2,611
Store records or related materials 6,502 1,531
Measure product or material dimensions 6,140 723
Record production information 1,352 202
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

These results collectively indicate that while employment remains concentrated in
a few dominant DWAs, the subset of tasks positioned at the higher end of the Al ex-
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posure distribution tends to include both operational and supervisory functions. This
heterogeneity suggests that the next stage of technological transformation in intralogis-
tics 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 effectively manage this transition.

5. Discussion

The uncertainty-aware approach developed in this study provides an understanding
of the range of labor 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: admin-
istrative and coordination tasks, material handling, and monitoring.

In administrative and coordination functions, enterprise resource planning systems
already streamline documentation, data transfer, and scheduling. Generative Al as-
sistants now extend these systems by automatically summarizing orders and drafting
reports, enhancing efficiency in what were once manual clerical and supervisory work-
flows (Pennathur et al. 2024).

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

Finally, in monitoring and inspection, perception-driven Al and sensor networks
are automating quality 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 (Liu et al. 2022; Li et al. 2023).

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 handling. 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 labor. A
detailed section with the selected DWAs and ready-to-deploy AI-HRC technologies is
presented in Appendix I.
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5.2. Strategic Workforce Planning and Real-Time Decision Making

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

This dynamic approach facilitates scenario-based staffing strategies, allowing organi-
zations to simulate the effects of AI-HRC and directly connect automation to workforce
impact. These simulations provide insights into operational risk and enable the evalu-
ation of workforce strategies for AI-HRC design. For instance, the largest intralogistics
task, "move materials, equipment, or supplies”, has a 90 percent confidence interval
of approximately 200,000 and 340,000 FTEs, supporting multiple staffing scenarios
grounded in empirical data. A conservative 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 workforce by at least 120,000 FTEs. Even limited automation
can significantly affect workforce size and wage bill costs.

As human labor may remain less expensive than AI-HRC, this research can help
identify the inflection point at which automation becomes economically viable for the
organization 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 the U.S. average and among the highest across all
sectors (U.S. Bureau of Labor Statistics 2024). This labor instability is a major supply
chain vulnerability, as disruptions to human capital can cause operational delays and
performance losses (Nagurney and Ermagun 2022). AI-HRC helps mitigate these risks
by improving working conditions in hazardous environments, 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 in-
ternal mobility prior to installing automation preserves firm-specific knowledge and
stabilizes the workforce. The proposed framework supports AI-HRC planning by en-
abling organizations to quantify workforce impacts before deployment of automation
and to invest in targeted capability development. From this perspective, AI-HRC rep-
resents an opportunity to enhance operations and invest in structured upskilling and
career advancement. Such investments generate both financial and strategic bene-
fits. Internal workforce development reduces recruiting costs and knowledge attrition,
whereas external hiring is generally more expensive and associated with lower initial
performance and higher turnover compared to internal movers (Bidwell 2011). Fur-
thermore, organizational career growth is a strong predictor of employee retention,
thereby reducing workforce volatility (Rani, Sood, and Chaurasia 2024).

In summary, proactive workforce planning strengthens supply chain resilience by
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promoting workforce continuity and delivering financial advantages compared to ex-
ternal hiring.

6. Conclusion, Managerial Implications, and Future Research

We present a stochastic, task-based workforce framework that converts O*NET task
frequencies into annualized 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 confidence
intervals and detailed employment maps that show where intralogistics labor time is
concentrated. Results indicate that the most Al-exposed DWASs span both operational
and supervisory activities.

Three findings stand out. First, intralogistics employment is concentrated in a rela-
tively small set of DWASs, so a focused subset of activities accounts for a large share of
the sector’s labor time. Second, the top 15 percent of DWAs suitable for AI-HRC en-
compasses several hundred thousand FTEs, indicating that even conservative adoption
paths will affect workforce allocations at scale. Third, the most exposed DWAs 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
characterize their statistical uncertainty?

Our findings show that a stochastic workforce framework can systematically estimate
FTE requirements per task by modeling task frequencies as probability vectors on the
simplex, completing their covariance structure, and propagating this uncertainty to
task-level FTEs. The approach makes its assumptions explicit and evaluates math-
ematical consistency through feasibility, geometry, and sensitivity diagnostics. The
resulting confidence intervals translate task frequency data from surveys into a range
of workforce estimates, supporting more granular planning by identifying where la-
bor time concentrates and how robust these estimates are to sampling and modeling
uncertainty.

RQ2: How can task-level FTE estimates combined with Al exposure metrics inform
strategic AI-HRC design 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 labor demand and high
suitability for AI-HRC, thereby quantifying the number of workers whose tasks are
most exposed to reallocation or elimination under different automation scenarios. This
supports scenario-based workforce planning (e.g., conservative versus aggressive Al-
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.
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6.1. Managerial Implications

e AI-HRC design. Combining FTE estimates with automation exposure metrics
enables targeted prioritization of AI-HRC initiatives. High-FTE, high-exposure
DWAs can be treated as priority candidates for intervention, whether through
deploying collaborative robots, implementing advanced decision-support tools,
or redesigning workflows. Conversely, DWAs with lower exposure or high uncer-
tainty in FTE estimates may warrant more cautious experimentation. Aligning
AI-HRC investments with this task-level analytics can help ensure that resources
are focused on activities where they are most likely to generate productivity
gains.

e Strategic workforce planning. Task-level FTE estimates 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 af-
fected under each scenario and assess the risk associated with different automa-
tion strategies. This moves workforce planning beyond deterministic headcount
projections toward uncertainty-aware, task-driven analyses.

e Resilience under uncertainty. The framework supports proactive talent man-
agement. 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 po-
sitioned as an instrument for workforce stabilization and long-term operational
robustness.

6.2. Future Research

Several avenues for future research emerge from this study. First, relaxing the as-
sumptions of equal task durations within occupations and uniform split of task time
across linked DWAs using empirical data would allow richer heterogeneity as well as
more precise task-DWA mappings. Second, the current analysis treats task frequen-
cies and employment levels as cross-sectional. Extending the framework to panel data
would enable analysis of dynamic adjustments in task composition and FTE alloca-
tions around AI-HRC adoption, including quasi-experimental designs. Third, combin-
ing the stochastic workforce framework with wage data would permit evaluation of
how AI-HRC affects the distribution of labor income across DWAs, not just quan-
tities of labor. Finally, the automation exposure metrics 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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Appendix A. Modeling Assumptions and Choices

The empirical strategy relies on a set of structural assumptions and pragmatic mod-
eling choices that ensure tractability, internal consistency, and reproducibility. These
assumptions underpin the estimation of task-time distributions, covariance structures,
and FTE allocations.

Survey-stage independence. The task relevance shares ﬁak and conditional

frequency shares ﬁzkr are treated as statistically independent. This enables
exact variance evaluation for unconditional category probabilities p; j , through
the product-variance formula.

Aggregation independence. Tasks are assumed independent within and
across occupations, and the O*NET-derived task-time shares are assumed in-
dependent of BLS OEWS employment levels IV; when propagating uncertainty
to FTE estimates.

Normal inference. Interval estimates rely on normal approximations obtained
from delta-method variance propagation, with truncation applied as needed to
respect simplex or nonnegativity constraints.

Covariance completion. The latent covariance matrix of the eight-category
probability vector is recovered by selecting a positive semidefinite matrix that
matches the observed O*NET marginal variances and satisfies the simplex tan-
gent constraint (X1 = 0). Among feasible matrices, the Frobenius-norm-minimal
solution is chosen as a parsimonious regularizer.

Annualization mapping. Ordinal task-frequency categories are mapped to
expected annual occurrence counts using a fixed midpoint vector w, providing a
consistent and conservative annualization of task frequencies.

Equal per-occurrence duration. Within an occupation, occurrences of a
given task are assumed to have a common expected duration. Under this as-
sumption, annualized occurrence counts proxy relative time shares across tasks.
Task—DWA allocation. The O*NET crosswalk linking tasks to DWAs is
treated as fixed. When a task maps to multiple DWAs, its FTE contribution
is split evenly across linked DWAs to avoid double counting.

Numerical stabilization. Small e-regularization and renormalization are ap-
plied to near-zero probabilities or standard errors to maintain numerical feasibil-
ity. Solutions are accepted when positive semidefiniteness holds within standard
solver tolerances.
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Appendix B. Limitations

B.1. Temporal Validity

This analysis pairs an O*NET release with BLS employment data from the same
period. As artificial intelligence capabilities, work organization, and task taxonomies
evolve, exposure and FTE figures are most reliable for short- to medium-term planning.
For operational purposes, regular re-estimation is advised as new O*NET releases and
firm-level data become available. In rapidly changing environments, quarterly updates
provide a sensible update frequency.

B.2. Geographic and Facility Heterogeneity

Sector totals, such as the approximately 2.2 million workers reported, represent
economy-wide averages. These aggregate figures obscure variation by region, facil-
ity type, and technology stack. For facility-level workforce planning, the estimation
pipeline should be rerun using local microdata. This reveals the site-specific distri-
bution of DWAs and automation technology adoption. While macro-level patterns
are useful for benchmarking, site-level decisions require localized data on tasks and
operational constraints.

B.3. AI Exposure as Proxy, not Prediction

News-sentiment exposure scores reflect media coverage of Al-driven automation capa-
bilities but do not guarantee business ROI, because of micro regulatory barriers, or
labor-cost dynamics. High exposure indicates that the underlying capability is present
and salient, not that deployment is imminent or cost-effective. Ground-truth valida-
tion against observed AMR/RMFS deployments, vendor announcements, and facility
surveys constitutes an important avenue for future work to calibrate predictive value
and refine decision thresholds.

B.4. Task Dependence and Sequencing

Within occupations, tasks often occur in sequences, such as receiving, marking, and
moving. Shared time budgets can introduce dependence that extends beyond the scope
of the current covariance completion. Diagnostics indicate a low effective rank for the
completed covariance matrix, with about three to four of eight categories accounting
for most variation. This suggests a limited number of shared tasks explain the majority
of variation.

Collectively, these assumptions establish a transparent and manageable estimation
pipeline. The methodology is reproducible and supports clear diagnostic evaluation.
For critical assumptions, feasibility checks and sensitivity analyses are provided.
Straightforward robustness extensions are outlined, including alternative covariance
completions, midpoint stress tests, crosswalk weighting, and dependence-aware ag-
gregation. These options can be applied by practitioners when site-specific data are
available.
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Appendix C. O*NET Data Examples

C.1. O*NET structure and task hierarchy

¢ Specific to e Shared
asingle e Shared across all ¢ Shared
job title across all O*NETS across all

O*NETS O*NETS

Figure C1.: O*NET task hierarchy.

C.2. Survey mode and reported results

Task data come from structured surveys administered to incumbent workers and oc-
cupation analysts (Dierdorff et al. 2009). The survey follows a two-stage response
protocol. First, respondents indicate whether each task is relevant to their occupa-
tion using a binary relevance filter. Tasks marked as not relevant receive no further
evaluation, and the resulting relevance measure serves as a proxy for whether a task
is ever performed in that occupation (Martin and Monahan 2022). For tasks deemed
relevant, respondents report the frequency of performance using a seven-point ordinal
scale (O*NET Resource Center 2023)!. The published O*NET data report the share
of respondents selecting each category. Illustrative examples appear in Appendix C.

For each occupation, O*NET aggregates incumbent responses and provides task-
level statistics, including category proportions, sample sizes, and design-adjusted stan-
dard errors (Peterson et al. 1997). The reported 95 percent confidence intervals rely on
normal-theory inference, justified by O*NET’s stratified sampling design and the asso-
ciated design-based Central Limit Theorem (Sérndal, Swensson, and Wretman 1992).
Consistent with prior work evaluating the sampling behavior of O*NET estimates
using intraclass correlations (Tsacoumis and Van Iddekinge 2006), we assume approx-
imate normality in the sampling distributions of the mean task-frequency estimators.
We also assume independence between O*NET task shares and BLS employment
counts, as the two systems draw on distinct sampling frames—worker-level surveys for
O*NET and establishment-level surveys for BLS.

C.3. Data table examples

1The seven Frequency-of-Task (FT) categories are: 1 = Yearly or less, 2 = More than yearly, 3 = More than
monthly, 4 = More than weekly, 5 = Daily, 6 = Several times daily, 7 = Hourly or more.
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Appendix D. Solver Settings and MOSEK Parameters

All semidefinite programs are solved with MOSEK’s conic interior-point method under
a strict tolerance profile. The main configuration is:

solver_order = (MOSEK), optimiser norm = Frobenius, accept_inaccurate = False

Table D1.: MOSEK/IPM configuration used in all main experiments.

Parameter Value Purpose

MSK_DPAR_INTPNT_CO_TOL_REL_GAP 1070 Relative duality gap tolerance
MSK_DPAR_INTPNT_CO_TOL_PFEAS 10719 Primal feasibility tolerance
MSK_DPAR_INTPNT_CO_TOL_DFEAS 10719 Dual feasibility tolerance
MSK_DPAR_INTPNT_CO_TOL MU RED 107! Barrier reduction (mu) tolerance

MSK_IPAR_NUM_THREADS 5 Parallelism
MSK_IPAR_PRESOLVE_USE 1 Enable presolve
MSK_IPAR_INTPNT_SCALING 1 Enable scaling
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Appendix E. Covariance Diagnostics

E.1. Feasibility and Simplex Geometry

The numerical feasibility and compositional integrity of each task-level completed
covariance matrix ¥ were verified. For each task, feasibility diagnostics confirm that
(i) the matrix is positive semidefinite (PSD), (ii) the simplex geometry implied by
task-time shares is maintained, and (iii) the completed variances align with observed
survey marginals.

E.1.1. Diagnostics Definitions

Let 1 be an all-ones vector of length n = 8 (frequency categories), and v = (se,)?

the vector of design-based marginal variances. For each completed covariance X, the
following metrics are computed:

Tangent residual: 70 = max (||21 o, ||1T§]HOO)7 (E1)
PSD check:  Apin(X) > —1078, (E2)
Diagonal deviation: dy, = [|diag(X) — v/, (E3)
Uncertainty magnitude: trace(X), (E4)
Effective rank: 7. = exp< — ij logpj), pj = Aj/ Z Ao, (ED)

J ¢

In this context, A\; denotes the eigenvalues of X, which are clipped at zero to enforce
positive semidefiniteness. The entropy-based effective rank r.g € [0,7] quantifies the
dimensionality of task-level uncertainty.

E.1.2. Results and Discussion

Table E1.: Covariance Completion Feasibility Diagnostics

All Tasks (N = 11,834) Intralogistics Tasks (N = 167)
Metric Value Tasks Removed Value Tasks Removed
PSD Percentage 100 % 0 100 % 0
Max tangent residual 3.92 x 1071 0 3.28 x 1071 0
Max diagonal deviation 2.34 x 10710 0 1.94 x 10710 0
Trace (mean [SD]) 0.021 [0.009] n/a 0.022 [0.010] n/a
Effective rank (mean [SD])  3.74 [1.02] n/a 3.41 [0.89] n/a

All 11,834 task-level matrices are positive semidefinite within the tolerance Ay, >
—1078, confirming that all quadratic forms used in downstream uncertainty prop-
agation, including variance of annual task occurrences and FTE estimates, are well-
defined. The maximum tangent residual 7o, ~ 107! for both the full and intralogistics
subsets confirms that every covariance matrix lies within the simplex tangent space
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(X1 = 0), thereby preventing compositional leakage of variance outside the task-share
simplex.

The diagonal deviations are negligible (do < 3 x 10719) indicating near-
perfect agreement with observed marginal sampling variances. The average trace
trace(X) = 0.021; SD = 0.009 (all tasks) and trace(X) = 0.022; SD = 0.01 (intral-
ogistics) quantifies the magnitude of task-level uncertainty inherited from O*NET
marginals. Under the Frobenius-norm completion, a portion of variance is transferred
to off-diagonal entries to satisfy PSD and the simplex constraint, so frequency
categories within a task are not independent (as expected). The entropy-based
effective rank values of 3.76 (all tasks) and 3.41 (intralogistics) out of eight categories
confirm a low-dimensional structure, with most uncertainty concentrated in three to
four dominant modes.

These diagnostics demonstrate that the covariance completions are numerically sta-
ble, geometrically valid, and compositionally consistent. The low effective rank facili-
tates efficient semidefinite optimization and supports interpretable uncertainty prop-
agation. None of the diagnostic metrics are statistically significantly different between
the full and intralogistics subsets, supporting the generalizability of the methodology
beyond this sector.

E.2. Functional Varitance Bounds and Position

The variance of an annual-occurrence functional is benchmarked against its feasible
range for each task.

E.2.1. Diagnostics Definitions

Let w € R® denote the fixed annual-occurrence weights over the eight O*NET fre-
quency categories, let v = Var(pi7k) be the vector of design-based marginal variances,
and let ¥ denote the completed task-level covariance matrix. The realized functional
variance associated with task (4, k) is given by w' X w.

To assess whether this value is geometrically plausible given the marginal variances
and the simplex constraint, we compute the feasible lower and upper bounds through
the following convex programs, which impose the same constraints used during co-
variance completion—positive semidefiniteness, fixed diagonal entries, and tangency
to the simplex:

V= gl;lg w'Sw  s.t. diag(X) = v, 1 =0, (E6)
V= max w'Sw st diag(X) = v, 1 =0. (E7)

The relative position of the completed functional variance within its task-specific
feasible interval is then summarized by the normalized statistic

w Sw — V

Pos = —— Vﬁ € [0,1]. (E8)

Tasks whose normalized position lies near the boundaries of the feasible
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set—specifically, pos < 0.05 or pos > 0.95—are flagged as extreme and removed
from downstream analysis. This robustness filter excludes covariance structures that,
while feasible, imply implausibly tight or excessively diffuse uncertainty relative to the
geometric constraints of the probability simplex.

FE.2.2. Results and Discussion

Table E2.: Variance Position and Outlier Summary

All Tasks (N = 11,834) Intralogistics Tasks (N = 167)
Metric Value Tasks Removed Value Tasks Removed
Mean normalized position 0.41 [0.13] n/a 0.39 [0.12] n/a
Outlier (position < 0.05 / > 0.95) 1.5% 177 0% 0

Table E2 indicates that most tasks fall within the interior of their feasible variance
ranges rather than at the extremes. The mean normalized position is 0.45 [SD 0.13]
for all tasks and 0.39 [SD 0.12] for intralogistics tasks, suggesting no statistically sig-
nificant difference between groups. Extreme positions are rare: 1.5 percent of all tasks
(177 tasks) and none of intralogistics tasks are flagged and removed. This filtering
prevents a few high-leverage cases from dominating uncertainty budgets and yields a
parsimonious, decision-useful variance structure for downstream workforce planning
and AI-HRC design. All bounds are computed with the same marginal and simplex
constraints as the covariance completion, using semidefinite optimization. Solver set-
tings are reported in Appendix D.

E.3. Sensitivity Analysis

We assess the stability of task-level functional variances to modest perturbations of
the marginal targets.

E.3.1. Diagnostics Definitions

Let v = (sep)2 denote the design-based marginal variances for the eight frequency
categories and w € R® the annual-occurrence weights. For each task, with completed
covariance X, the baseline functional variance is

Vo = w' S w. (E9)

We form perturbed diagonal targets v(+) = (14-7) v and v(~) = (1—7) v with 7 = 0.05,
and recompute two completions by solving the same SDP used at baseline (PSD, fixed
diagonal, simplex tangency ¥1 = 0). Let V = w! SHw and Vo = w5 w. We
then compute

Ay
max (1079, [Vp|)

Ay =V, -Vy, A =V_.-V, &= (E10)
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To diagnose linearity and symmetry, we use the symmetrized relative change

Ay +A_|
L El1
symm.re max (1079, max{|A [, |A_[})’ )
and the spread:
ALl |AZ
spread = mar{lA, 18) )

max (1072, min{|A4|,|A_|})

Tasks are flagged if (i) symm.rel > 0.1 (nonlinear/asymmetric response), or if (ii)
the directional relative changes leave the expected linear band §%! ¢ [0.97, 1.17] =
[0.045, 0.055].

E.3.2. Results and Discussion

Table E3.: Sensitivity Analysis (for £5% perturbation)

All Tasks (N = 11,834) Intralogistics Tasks (N = 167)
Metric Value Tasks Removed Value Tasks Removed
Symm. relative change 5.49-1074 [2.92 - 1073 n/a 1.67 - 1074[3.26 - 1074 n/a
High sensitivity (> 10%) 0.01% 1 0% 0
Delta rel. minus out of range 0.01% 1 0% 0
Delta rel. plus out of range 0.01% 1 0% 0
Total unique Tasks 0.01% 1 0% 0

Table E3 shows that responses are highly stable and the changes are not statistically
significant different from 0. The mean symm_rel is small in both groups, 5.49x10~* (SD
2.92x1073) overall and 1.67x10~* (SD 3.26x 10~) in intralogistics, indicating that V
and V_ move approximately anti-symmetrically around Vj as expected under a first-
order response. Only 0.01 percent of all tasks (1) exceeds the nonlinearity threshold,
and none do so in intralogistics. Directional checks are likewise benign: 0.01 percent (1)
of tasks fall outside the expected band for the negative perturbation and 0.01 percent
(1) for the positive perturbation; again, none in intralogistics. Taking the union of all
flags yields 0.01 percent (1) unique tasks overall.

These screens indicate that modest survey-error—like perturbations of the marginals
do not induce large or erratic changes in functional variances. Intralogistics tasks are
particularly well conditioned (no flags), reinforcing that the covariance completion
behaves predictably under small input noise and that downstream planning metrics
remain robust. Solver choices and tolerances match the baseline completion (see Ap-
pendix D).
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Appendix F. Intralogistics Occupations Selected

Table F1.: Occupations selected for the intralogistics sector analysis.

Code Occupation

53-7051.00 Industrial Truck and Tractor Operators

53-7011.00 Conveyor Operators and Tenders

53-7062.00 Laborers and Freight, Stock, and Material Movers, Hand

53-7062.04 Recycling and Reclamation Workers

53-1043.00 First-Line Supervisors of Transportation and Material Moving Workers, Except Aircraft Cargo Handling Supervisors
53-1042.00 First-Line Supervisors of Helpers, Laborers, and Material Movers, Hand
53-1042.01 Recycling Coordinators

11-3071.00 Transportation, Storage, and Distribution Managers

11-3071.04 Supply Chain Managers

43-5111.00 Weighers, Measurers, Checkers, and Samplers, Recordkeeping
53-7041.00 Hoist and Winch Operators

53-7063.00 Machine Feeders and Offbearers

53-7064.00 Packers and Packagers, Hand

43-5071.00  Shipping, Receiving, and Inventory Clerks

53-7065.00 Stockers and Order Fillers

53-7021.00 Crane and Tower Operators

13-1081.00 Logisticians

13-1081.01 Logistics Engineers

13-1081.02 Logistics Analysts

53-6011.00 Bridge and Lock Tenders
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Appendix G. Occupation Appearance

Table G1.: Job appearance and disappearance events in the intralogistics sector
(2015-2024).

Year Appeared Count Appeared Disappeared Count Disappeared
2016 0 0

2017
2018
2019
2020
2021
2022
2023
2024

=

53-7065 — Stockers and Order Fillers

SO O O O O+~ OO
O O O O o o o o

Table G1 reports job appearance and disappearance events within the intralogistics
sector from 2015 to 2024. The results show that a single occupational category, Stock-
ers and Order Fillers (SOC 53-7065), was introduced in 2019. No other entries or exits
were observed during the period. Consequently, the apparent increase in employment
observed in 2019 may be partially artificial, reflecting a classification update rather
than a genuine expansion of the workforce. This adjustment should therefore be in-
terpreted cautiously when analyzing longitudinal trends in employment or wage bill
growth.
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Appendix H. Top 10 Largest FTE DWAs

Table H1.: Top 10 DWAs by FTE Estimate (SD)

Rank DWA Title FTE Estimate (SD)
1 Move materials, equipment, or supplies. 261,300 (42,900)
2 Load shipments, belongings, or materials. 161,000 (25,850)
3 Operate cranes, hoists, or other moving or lifting equipment. 152,100 (24,400)
4 Sort materials or objects for processing or transport. 132,200 (33,850)
5 Mark materials or objects for identification. 122,050 (18,600)
6 Secure cargo. 93,350 (31,150)
7 Record operational or production data. 90,900 (24,450)
8 Operate vehicles or material-moving equipment. 64,950 (10,350)
9 Package objects for shipping. 63,800 (9,900)
10 Stock supplies or merchandise. 53,850 (6,800)

Note: Standard errors for our estimates are provided in parentheses. Values are rounded to the
nearest 50.
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Appendix I. Examples of AI-HRC in industry

We performed a literature review to examine the AI-HRC potential of each DWA.
Below, we summarize our findings with DWAs organized in alphabetical order.

Analyze shipping information to make routing decisions.

Current research indicates that multi-agent reinforcement learning and automation
integration significantly impact the task of analyzing shipping information for intral-
ogistics routing. Al-driven routing automation reduces manual decision-making time
by 40 percent while improving accuracy through real-time data analysis (Krnjaic et al.
2024). Furthermore, AMRs and automated guided vehicles (AGVs) embed routing al-
gorithms to achieve 15-20 percent improvements in operational efficiency and reduce
empty travel distances by 50 percent in warehouse distribution systems (Sun et al.
2024).

Attach identification information to products, items or containers.

Automated robotic marking systems integrated with Al-driven vision technologies sub-
stantially improve identification capabilities. Implementations utilizing deep learning
object detection (such as YOLOv5s) and RFID systems have been shown to reduce
identification errors by 25-40 percent and increase marking throughput by three to
five times compared to manual methods, achieving an accuracy of 82.11 percent (Fang
et al. 2024).

Collect samples of materials or products for testing.

Robotic automation significantly impacts sample collection tasks, offering substantial
efficiency gains. Automated warehouse systems integrate robotic mobile fulfillment
with real-time sample identification, achieving 93 percent accuracy in quality control
(Liu et al. 2022).

Measure product or material dimensions.

Current implementation and research in intralogistics and AI-HRC significantly im-
pact the task of measuring product or material dimensions. Key research highlights
automated dimensional verification systems that reduce manual inspection time by
60-70 percent, while achieving measurement accuracy of 88.3-99.9 percent depending
on implementation. As a result of such automation integration, dimensional accuracy
improves from a manual baseline of 80 percent to an automated 96-99 percent (Sun
et al. 2024).

Monitor cargo area conditions.

Current research demonstrates that Al and multi-robot systems improve anomaly
detection, condition assessment, and asset protection through the use of vision sensors
(Sanchez-Cubillo, Del Ser, and Martin 2024). Additionally, applied RPA solutions
streamline temperature and status checks, yielding measurable gains in throughput,
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fault reduction, and asset safety via automation integration (Lam, Tang, and Wong
2024).

Prepare documentation for contracts, transactions, or regulatory
compliance.

The integration of RPA with machine learning has enabled the automation of critical
administrative workflows, including supplier verification, invoice processing, and com-
pliance documentation, significantly reducing processing times while maintaining high
accuracy (Tsang et al. 2024). Furthermore, predictive compliance monitoring systems
facilitate continuous, automated verification of regulatory requirements (Rinderle-Ma,
Winter, and Benzin 2023).

Prepare informational or reference materials.

Automation and robotics integration in logistics and intralogistics significantly im-
pacts the task of preparing informational or reference materials by transitioning from
manual documentation to digitally-managed, real-time information systems. Advanced
warehouse management systems and Digital Twins now automate data aggregation
from sensor data, eliminating manual transcription tasks while enhancing operational
transparency (Li et al. 2023). Consequently, key performance improvements include
enhanced system responsiveness and data synchronization through cloud-based archi-
tectures and supply chain integration. The implementation of Industry 4.0 technologies
such as RFID and automated identification mechanisms further optimizes warehouse
operations by enabling seamless data collection without manual intervention (Song
and Wu 2024).

Prepare products for testing.

Al-based smart quality inspection systems integrate deep learning with automated
monitoring to achieve defect detection accuracies exceeding 99 percent, significantly
outperforming manual preparation and inspection methods (Sundaram and Zeid 2023).

Read work orders to determine material or setup requirements

Unified visual extraction frameworks (Wan et al. 2024) replace manual order reading
with automated parsing of product specifications and catalog references. Deep rein-
forcement learning algorithms (Mahmoudinazlou et al. 2025) optimize order interpre-
tation and dynamic task assignment based on these extracted material requirements.
Automation impacts demonstrate measurable improvements: order reading accuracy
increased to 98.5 percent, and error-free material requirement interpretation achieved
at 99.8 percent (Wan et al. 2024). Integrated systems enable real-time order under-
standing and autonomous task routing.

Receive shipments.

The task of receiving shipments in logistics can be automated through computer vi-
sion for package sorting, achieving 97.2 percent accuracy (Han et al. 2020), and au-
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tonomous mobile manipulation systems for unloading and depalletizing based on 3D
perception (Aleotti et al. 2021).

Record production information.

Some examples of automating production information include the documentation of
quantity, quality, type, weight, and test result data through computer vision and ma-
chine learning systems, with inspection accuracy reaching 99.8 percent (Sundaram and
Zeid 2023). Integrated vision-based inspection systems with deep learning algorithms
replace manual data recording by automatically detecting defects and autonomously
capturing product specifications and material properties in real-time.

Record shipping information.

Robotic process automation tools replace manual data entry of weight, charges, and
discrepancies, eliminating human error and accelerating order recording. Integration
of Al-driven supply chain visibility platforms (Lam, Tang, and Wong 2024) enables
real-time tracking of outgoing orders with automated status updates. Furthermore, the
integration of RPA with machine learning automates critical administrative workflows,
including supplier verification and invoice processing (Tsang et al. 2024).

Review work orders or schedules to determine operations or procedures.

Digital-twin—driven deep reinforcement learning can automate the real-time interpre-
tation of work orders and schedules by jointly optimizing task assignment and AGV
routing/path planning under dynamic shop-floor changes. In a tightly coupled architec-
ture where the digital twin participates in both training and inference, policies adapt
to schedule updates, layout reconfigurations, and disturbances, improving through-
put and reducing completion and idle times compared with DRL-only or DT-assisted
baselines (Lee, Kang, and Noh 2025).

Store records or related materials.

RFID-assisted Al identification systems (Song and Wu 2024) enable real-time in-
ventory tracking and quality sensing, transforming manual record-keeping into
autonomous, self-optimizing warehouse storage management. Automation impacts
demonstrate measurable improvements, including space utilization increases of 60—
80 percent and multi-criteria optimization incorporating turnover indices (Yerlikaya
and Arikan 2024).

42



	Introduction
	Literature Review
	Modeling the Impact of Technological Innovation Through Task-Based Workforce Models
	Empirical Evidence on the Effects of AI Innovations
	AI-driven Technologies in Intralogistics and HRC

	Methodology
	Overview and Framework
	Data Sources
	BLS Employment and Wage Data
	O*NET Occupational Data

	AI Exposure Metrics by Task
	Data Preparation
	Statistical Modeling
	Task Frequency Distributions
	Covariance Completion
	Model Diagnostics

	From Tasks to Full-Time Equivalents
	Occupation-level Time Shares
	Workforce-level FTE Estimation
	Aggregating Task FTEs


	Results
	Results - Data Cleaning and Descriptive Statistics
	Results - Covariance Completion Diagnostics and Robustness
	Results - Exposure to AI from Intralogistics Workers

	Discussion
	Functional Areas and Task-Level Reallocation for AI-HRC
	Strategic Workforce Planning and Real-Time Decision Making
	Employee Retention and Supply-Chain Resilience

	Conclusion, Managerial Implications, and Future Research
	Managerial Implications
	Future Research

	Modeling Assumptions and Choices
	Limitations
	Temporal Validity
	Geographic and Facility Heterogeneity
	AI Exposure as Proxy, not Prediction
	Task Dependence and Sequencing

	O*NET Data Examples
	O*NET structure and task hierarchy
	Survey mode and reported results
	Data table examples

	Solver Settings and MOSEK Parameters
	Covariance Diagnostics
	Feasibility and Simplex Geometry
	Diagnostics Definitions
	Results and Discussion

	Functional Variance Bounds and Position
	Diagnostics Definitions
	Results and Discussion

	Sensitivity Analysis
	Diagnostics Definitions
	Results and Discussion


	Intralogistics Occupations Selected
	Occupation Appearance
	Top 10 Largest FTE DWAs
	Examples of AI-HRC in industry

