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Abstract

Manpower requirements determination (MRD) analysis has been widely used in industry. However,
previous manpower modeling in the literature has typically been limited to simple scenarios where all input
variables are treated as fixed effects. In practice, input variables may exhibit random effects as well. This
paper introduces random-effect input variables through statistical time-series hierarchical modeling,
building upon the workload-based generic (naive) modeling discussed in earlier MRD literature. Using this
hierarchical time-series modeling approach, our objective is to develop a statistical methodology for
determining the number of full-time equivalent (FTE) personnel required (REQD) to perform major tasks
within a mission function in an organization. We demonstrate our methodology using a real-world dataset.

Keywords: Manpower modeling; manpower requirements determination (MRD); full-time equivalents
(FTE); workload-based methods; time series; hierarchical modeling

Introduction

Past research [*°1 has discussed various approaches to calculating and determining manpower
requirements, such as the ratio-based method, survey-based method, and hourly availability-
based method. Although several non-workload-based manpower determination methods have
been proposed, most organizations prefer workload-based methods, as they are considered the
fairest, most scientifically sound, and justifiable approach to calculating staffing needs. Despite
the numerous published articles proposing manpower calculation methods, none have developed
workload-based methodologies—except for the most recent paper by Rahardja (2025) 191,

As a recap, Rahardja (2025) ! presented a generic (naive) manpower modeling equation.
However, this model treated all input variables solely as fixed-effect variables. Since it did not
distinguish between fixed and random effects, parameters and variables, or hierarchical and non-
hierarchical modeling, it remains purely a mathematical model rather than a statistical one.
Without the inclusion of any random variables, the model can only provide rough estimates of
current manning requirements. It lacks the flexibility needed for deeper analyses—such as
forecasting future manpower needs, performing model selection, controlling error rates, or
refining accuracy. Ultimately, especially when budgets are tight, organizations seek reasonably
assured and accurate projections of both current and future manning requirements.

In contrast, Rahardja (2025) [ also notes that the input variable ‘Volume —representing the
volume of a task under an organization’s mission function—can naturally be treated as a random
variable. As ‘Volume’ varies over time, it can be modeled as coming from a distribution, thereby
transforming the model into a statistical one. Once ‘Volume’ is treated as a random variable, the
previously generic (naive) mathematical model becomes a hierarchical statistical model. With
this expanded statistical framework, we can project both current and future manning needs more
effectively.

Accordingly, this paper proposes a statistical methodology that employs time-series (TS)

algorithms to enhance the workload-based, generic (naive) model discussed in prior literature
[10]
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In this enhancement, we hierarchize ‘Volume’ using TS
algorithms. The remainder of the paper is organized as follows.
Section 2 constructs the statistical methodology using a
workload-based, time-series hierarchical manpower modeling
equation to project required manning. Section 3 describes the
data. Section 4 demonstrates the methodology on a dataset.
Section 5 concludes the paper.

Methodology

The goal of this section is to develop a staffing methodology
for determining manpower requirements. We build upon the
workload-based manpower equation (1) in Rahardja (2025) 11,
applying hierarchical time-series (TS) modeling to the input
variable Volume, which is treated as a random variable and
depicted in Figure 1.

The staffing methodology comprises two scenarios for
projecting final full-time equivalent (FTE) manning
requirements:  Baseline  (Estimations) and  Endpoint
(Forecasts).

Typically, the Baseline scenario involves collecting initial or
baseline FTE manning numbers from the organization’s
systems of record (SOR) data and field surveys. These figures
may include the number of onboard personnel (ONBD),
assigned personnel (ASSGN), and/or authorized positions
(AUTH). The purpose of collecting multiple baseline figures is
to obtain different perspectives for comparison with the
Endpoint numbers—namely, the current and future required
(REQD) staffing levels.

The methodology for the Endpoint scenario follows a
generalized approach discussed in Rahardja (2025) %, which
is based on the workload-based manpower model described in
Equation (1). As a recap, the outcome variable in Equation (1)
estimates the number of FTE personnel required for the
intended studied year. The input variables include yearly work
Volume, average task Duration, the standard Work Year (e.g.,
2080 hours/year) and Utilization Rate (UR).

https://www.mathsjournal.com

Volume X Duration

HITE = Work Year X UR

Equation (1) is robust and can be applied across a broad range
of scenarios. Each step in the process aims to balance
timeliness with a reasonable level of assured accuracy, taking
into account factors such as the rigor of the information or
datasets collected, dataset partitioning, estimation methods,
and available software.

The methodology and analysis are presented in both graphical
and tabular formats in Figure 1 and Figure 2. Initially, the
workload-based manpower model in Equation (1) serves as a
simple, generalized model, where all input variables are treated
as Fixed Effects 1%, In this approach, analyses are performed
at a basic level. To implement it, yearly data for each input
component is gathered, substituted into Equation (1), and
solved for the required FTE workforce. This calculation can be
performed for each study year as necessary. We refer to this
preliminary, coarse analysis as the Phase 1 Study.

In Phase 1, Equation (1) is used to calculate the FTE
requirements (REQD) for the current and past several years,
serving as input patterns for Phase 2. At this stage, we ensure
the consistency of each step and data source. If inconsistencies
arise, we identify the root causes and mitigate or address the
data risks. Additionally, we compare the authorized or assigned
FTEs (AUTH or ASSGN) with the actual number of onboard
FTEs (ONBD). Based on these findings, we provide
recommendations in Phase 1.

In the refined analysis of Phase 2, the model can be extended
to a more detailed level, depending on resource availability and
feasibility. By treating volume as a Random-Effect variable
through Hierarchical Modeling and using Time Series (TS)
statistical algorithms [**-16] the manpower model is enhanced
(refer to Figure 1 and Figure 2). This allows forecasting FTE
requirements (REQD) from the current studied year into future
studied years, expanding the original model’s capabilities.

Improve next FY CURRENT to the What: Purpose: How:
Re-validate/Re-subset dat'; PAST 60-month PHASE 1 Prelim QC check/test Apply Eq(1) to check FTE of
- " Estimation Study for *Data Readiness’ Quality CURRENT-to-PAST vs AUTH
Sensible/not? (whether to Proceed to PHASE 2) (whether sensible/not)
(vs AUTH) N Y
4
Re-find best-fit TS model FUTURE State PHASE 2 Project REQD Future FTE (until Filter-Qut Systematic Errors
i " 26-month Projections Study (Reasonably-Assured ACCURATE into Correct Buckets (until only
| PROJECTION is obtained, by 2nd QC test Random Errors remain ec)
N ¥ eg: fitting TS-Model selection until (using valid TS methods from the
HO Error < Presp edfied margin? HO_Emor < prespecified margin) literature). Use Hold-Out (HO) Samples
v
(lookback Analysis) PHASE 3 Final Qi_: Test for 'I'_otal FTE Billets Test whether (Overall) MAPE < MOE
Study (Compliance/not, i.e., affordable) (set by Congress per OMB Guidance
typically, within MOE of
MAPE < MOE 7 N ¥ Cverall-Approved Billets$)
h 4
Pass Compliance Test

Phase 2: Use Eq (1) to calculate VOLUME (Random Effect) layered (hierarchized) as below

Volume = Level + Trend +

Seasonality + Errors

(Errors = Cycles + Auto-Regressive Components + Moving Averages + Everything Else)

Fig 1: Methodology & Analysis graphic
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Note that in the literature I, there are three-family category of
TS models/algorithms: the Exponential Smoothing Model
(ESM) family, the Auto-Regressive Integrated Moving
Average (ARIMA) model family, and the Unobserved
Component Model (UCM) family.

Subsequently, the random variable Volume (V) can be
hierarchized (layered) and modeled as one of the three-family
categories of TS models/algorithms as follows.

ESM-family model

Vi = |t+ bt+St + &, 81~N(0, O'tz) (2)
with different time-varying smoothing weights for each term
on the right-hand side of Equation (2), including the level (ly)
smoothing weight, trend (by) smoothing weight, seasonal (s)
smoothing weight, and the white noise error term with the
corresponding variance, as listed in Table 1 of Rahardja (2020)
(11 Additionally, there are eight different sub-hierarchical
equations (models) under ESM family, as formulated in Table
1 of Rahardja (2020) [,

ARIMA-family model

Vi=1+o1Via+ aVip+ ... + ath.p+ e+ O1eeq + Orerp + ... +

https://www.mathsjournal.com

for a generalized ARIMA(p, d, gq) family model, with the
predictors on the right-hand side of Equation (3), is as follows:
I is the Integrated term, followed by the Auto-Regressive (AR)
terms, and the Moving-Average (MA) terms.

UCM-family model

Vi=t p+yn+ e+ oV + aoVieo + o+ opVip + fiXar + foXor
+ .. +ﬁmet + Et (4)

for a generalized UCM family model with the components on
the right-hand side of Equation (4) as follows: level or intercept
(o), trend (y1), seasonality (), cycle (ri, auto-regressive
components (opVip), regression terms (BmXmi), and the white
noise error term (e;). For more details, see Rahardja (2020) 114,
Using available software [>'71 in an organization (such as
EXCEL, R, and various SAS products), projections (forecasts)
for Phase 2 (Future State) can be implemented and obtained
using statistical TS algorithms 11171,

Finally, when the Future actual observations become available
in the organization’s SOR, we can conduct a Lookback
Analysis, using the same testing technique as Hold-Out
samples method 271, This will allow us to test whether the
overall error rate (for example, using the mean absolute
percentage error, or MAPE) is less than the prespecified margin

Ogerqg () of error (MOE). This is considered Phase 3 of the Study.
PHASE 1
(CURRENT-to-PAST 60-month DATA READINESS QC (whether to go PHASE 2) ﬁﬁf’r'&’ fﬂf}?&\‘;:?gﬁ;;i}iégur{RENT"“"PAST) Ve
ESTIMATION) :
Estimate Future REQD #FTE (until reasonably-accurate T . , .
PHASE 2 estimate is obtained), by 2nd QC test Filter-Out Systematic Errors into Correct Buckets (until

(FUTURE STATE of 36-month Estimate)
< prespecified margin.

PHASE 3
(Lookback Analysis)

Eg: fitting TS-Model Selection until HO Error

Final QC test for Total FTE Billets (compliance/not, i.e.,
overspent/not), when the Future Actual Observations
become available in the CBP SOTR

only Random Errors remained), using valid TS Methods
in the literature. Use Hold-Out (HO) samples.

Test if Overall MAPE < MOE (set by Congress per OMB
Guidance, typically, within MOE of Overall-Approved
Billets).

Fig 2: Methodology & Analysis table

Data

The input data here are the TS dataset for the ‘Volume’ as a
random variable, as displayed in Equation (1). The rest of the
input data are the Duration, Man-Year, and UR, which are
assumed to be fixed variables in Equation (1) and can typically
be obtained from a work study (WS). The outcome variable
(#FTE) is on the left-hand side of Equation (1).

Example

Work studies are an integral part of the Staffing Methodology.
In this section, we present a detailed example of workload-
based manpower hierarchical modeling using statistical TS
algorithms, demonstrated through a case study of shuttle-van

~5G~

driver WS. The following example outlines the study's scope,
constraints, assumptions, data sources, and analysis process,
following the methodology described in Section 2.

Following the example used in Rahardja (2025) 0%, we
demonstrate our statistical methodology described in Section 2
using monthly airline passenger volume data from 1949 to
1960, obtained from the well-known Box-Jenkins (1976)
dataset in Time Series Analysis: Forecasting and Control (p.
531) (281,

As a recap, the data consist of the monthly passenger volumes
(in counts) for a U.S. airline of 144 months, from 1949 to 1960
(see Figure 3). This dataset is also publicly available online via
a simple Google search.
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Jan Feb Mar Apr May
1949 112 118 132 12% 121
1950 115 126 141 135 125
1951 145 150 178 1e3 172
1952 171 180 1%3 181 183
1553 196 196 236 235 229
1954 204 188 235 227 234
1955 242 233 267 2% 270
1956 284 277 317 313 318
1957 315 301 356 348 355
1958 340 318 362 348 363
1559 3€0 342 406 3%¢ 420
1960 417 391 419 46l 472

Jun Jul Aug Sep Oct Nov Dec
135 148 148 136 115 104 118
149 170 170 158 133 114 140
178 199 199 184 162 146 166
218 230 242 209 191 172 194
243 2e4 272 237 211 180 201
264 302 293 259 229 203 229
315 3e4 347 312 274 237 278
374 413 405 355 30€e 271 306
422 465 467 404 347 305 336
435 491 505 404 35% 310 337
472 548 559 463 407 362 405
535 622 606 508 461 390 432

Fig 3: The ‘Airline Passengers’ dataset.

For demonstration purposes, in this particular dataset, suppose
that for a Shuttle-Van company, a major (main) task within one
of the company’s Essential Mission Functions (EMF) was to
transport all airline passengers shown in Figure 3—from each
passenger’s pick-up point to their drop-off point at the airport.
The company aimed to determine both the current and future
projected number of FTE drivers required to perform this EMF.
Specifically, the drivers’ main duties under this EMF are to
manage, verify, and transport airline passengers to and from the
airport and their destinations.

A WS is conducted using a workload-based approach (i.e.,
manpower hierarchical modeling) to gather monthly passenger
volume data (i.e., number of airline passengers) and the
average duration of driver activities. This data is sourced from
both the organization’s system of record (SOR) and/or field
surveys, covering all shuttle-van company locations. A review
of this staffing projection WS should occur at the minimum
every three years, or more frequently at the organization’s
discretion, based on variations in passenger volume.

The scope of the WS is as follows:

This example captures and analyzes airline passenger volume
data from calendar years (CY) 1949 to 1960, with the objective
of projecting current and future driver manning requirements
for CY61-CY63.

The constraints are as follows

Timeliness, accuracy, and funding are key constraints for any
study, including this shuttle-van drivers WS. Therefore, an
initial analysis is essential to assess the feasibility of the study
and strike a balance among these constraints.

Key assumptions for this example WS include:

Assumed passengers Volume is a Random Effect variable
for the Hierarchical Modeling

Assumed the rest of input variables or components are
Fixed Effect variables

~G 7~

e Assumed average Durations was 3 hour/case for field’s
van driver, assumed per fields survey following previous
example (29

Assumed Work Year is 2080 hours/year following
previous example [29

Assumed utilization rate (UR) is 0.64 following previous
example [29

Utilized an average past 3y estimates & future 3y forecasts
for current & future required staffing following the
organization’s discretion on updates

The data analysis process goes as follows:

Following the methodology discussed earlier, the Baseline
Analysis is conducted. For illustration purposes, assume that,
based on the company’s current records, the total number of
ONBD drivers is 10 FTEs (see Table 1 in the Results and
Recommendations section), while the number of funded
positions—i.e., the total authorized (AUTH) drivers—is 11
FTEs. In the Phase 2 Study, using available software (Excel,
2021) [*31 the overall projected endpoints were calculated to be
12 and 15 FTEs for the current and future states, respectively
(see Figure 4).

The right-hand side panel of Figure 4 shows the projected
current and future requirements of 12 FTE and 15 FTE,
respectively. The top panel displays the patterns—such as
level, trends, seasonality, and cycles—of the monthly volume
of passengers transported, while the bottom panel illustrates the
annual patterns of the number of FTE drivers. Blue represents
historical data, red indicates future forecasts, green represents
the estimated Current REQD, and yellow denotes the
forecasted Future REQD.

There are clear monthly patterns in level, trend (i.e., an
increasing incline in the volume patterns, as shown in the top
panel of Figure 4), and 12-month seasonality. Therefore, it
makes sense that the total projected Current and Future REQD
would increase (in this case, from 12 to 15 FTES).
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Fig 4: The #FTE Shuttle VVan Drivers projections

Results and Conclusions

The results of this study were obtained in accordance with the
methodology and analysis process described in the previous
section. Both the baseline and endpoint scenarios were
analyzed using the outlined methodology, with the results
presented in Figure 4 and Table 1. The baseline scenario
reflects the initial FTE numbers (AUTH and ONBD), while the
endpoint scenario projects the staffing requirements (REQD)
for the current and future states, based on the study’s scope and
all acquired data.

Accordingly, the findings from Figure 4 are summarized in
Table 1 below.

Table 1. Projections of #FTE Drivers for the Shuttle-Van Company

Est. Type Staffing Type Source #FTE
BASELINE AUTH System of Records 11
BASELINE ONBD System of Records 10
ENDPOINT | Current REQD Stat Methodology 12
ENDPOINT Future REQD Stat Methodology 15

Finally, based on the above results, the following summarizes
the key findings. The Endpoint Analysis results for this WS
scope align with the Initial Analysis from the Passenger
Volume plots (see the blue curve in the top panel of Figure 4),
which indicate that the passenger volume trend is steadily
increasing with 12-month seasonality. Consequently, the
projected volume and the corresponding need for additional
FTEs are reflected as follows: 12 and 15 drivers for the current
and future requirements, respectively, increasing from 10 and
11 current onboard and authorized drivers.

Therefore, although the organization currently has only 10
onboard drivers (slightly below the funded position of 11), the
actual required number of drivers to perform the EMF is 12
FTEs, with a forecasted future requirement of 15 drivers. By
proactively calculating and determining these current and
future staffing needs, the shuttle-van company can strategically
manage and maintain its operations.

~gg~

We conclude that, in this paper, we have developed a
workload-based staffing methodology using statistical time-
series hierarchical modeling to determine the manpower
requirements for an organization’s EMF. This methodology
expands upon the generic (naive) modeling introduced earlier
in Rahardja (2025) [*%. We have also provided a walkthrough
example case for illustration. This developed staffing
methodology will be highly useful for practitioners and
researchers across various applied fields (e.g., business, human
resources, social sciences, psychology, manufacturing,
medicine, industry, government, healthcare, etc.) to determine
both the current and future staffing needs to perform an EMF
within an organization. The implementation of this staffing
methodology for each EMF in an organization can be updated
every three years or as determined by the organization’s
management.

Disclaimer Statement

This research represents the authors own work and opinion. It
does not reflect any policy nor represent the official position of
the U.S. Department of Defense nor any other U.S. Federal
Agency.
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