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Highlights

What are the main findings?

e A diffusion-to-dimensioning workflow is proposed in which S-curve adoption mod-
eling, bounded per-device usage priors, scenario stress testing, and Monte Carlo
uncertainty propagation are combined to generate predictive 5G/NB-IoT demand
distributions, exceedance curves, and quantile-based capacity rules.

e In the Great Britain case study (2025-2029), planning-year upper-tail risk is shown
to be dominated by the asset-tracking class. Rank-based sensitivity indicates that
AT payload size, burst factor, and message rate are the principal drivers of output
variability, while proxy-scale perturbation and dependence—robustness tests show that
upper-tail risk is driven more strongly by AT usage uncertainty than by proxy scale
alone and is further amplified by positive AT co-movement.

What are the implications of the main findings?

e  Medium-term 5G IoT planning should be shifted from deterministic point forecast-
ing toward risk-based dimensioning because capacity headroom is set by upper-tail
conditions rather than by average demand.

e  Efforts to reduce uncertainty and over- or under-provisioning should be concentrated
on the empirical characterization and operational governance of AT usage, payload,
and burst behavior, since these inputs exert the strongest influence on capacity-relevant
planning outcomes.

Abstract

Medium-term 5G/NB-IoT planning is made difficult by simultaneous uncertainty in device
adoption and per-device traffic behavior because deterministic point forecasts do not
quantify overload risk or support reliability-based capacity decisions. A diffusion-to-
dimensioning workflow is proposed in which S-curve adoption modeling, bounded usage
priors, scenario stress testing, and Monte Carlo uncertainty propagation are combined to
generate predictive demand distributions, exceedance curves, and quantile-based capacity
rules. The framework is applied to a Great Britain case study for 2025-2029 using smart
meter deployment data and an M2M-based proxy for asset-tracking adoption. Analysis
shows that planning-year upper-tail outcomes are driven primarily by asset-tracking usage
uncertainty rather than by proxy scale alone. A £30% perturbation of the AT adoption
anchor changes Qg 95 by approximately £29.8%, whereas stressed AT usage increases Qp 95
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by 74.4%. Plausible positive dependence among key AT operational inputs further raises
Qo.95 by 18.3-22.5%. Limited hold-out evaluation provides strong out-of-sample support
for the smart meter adoption stage and plausibility-only support for the shorter AT proxy.
The framework is intended for medium-term, data-lean planning settings and is designed
to support transparent risk-based capacity decisions rather than deterministic point sizing.

Keywords: 5G; IoT traffic forecasting; diffusion modeling; Monte Carlo simulation; capacity
dimensioning

1. Introduction

Fifth generation (5G) mobile systems are expected to support not only enhanced
mobile broadband but also massive machine-type communications (mMTCs), where large
populations of low-complexity devices generate uplink-dominated traffic and signaling
load [1,2]. For operators and regulators, medium-term planning for 5G IoT connectivity,
therefore, requires demand models that remain credible when the installed base is still
evolving and when uncertainty drivers are not only technological (e.g., coverage) but also
market- and behavior-driven (e.g., device adoption and application usage intensity).

In IoT terms, the forecast target is shaped by heterogeneous device behaviors and
operating modes across verticals [3]. Within the cellular ecosystem, machine-type com-
munications have long been recognized as a distinct planning case, with differences in
access patterns and load composition relative to human-centric traffic [4]. Large-scale
measurements and traffic modeling studies further show that M2M/IoT traffic can deviate
substantially from smooth “average-rate” assumptions, exhibiting heterogeneity and bursts
across device types and applications [5,6]. This diversity motivates separating adoption un-
certainty (how many devices) from usage uncertainty (how intensively they communicate)
when producing demand forecasts for planning.

On the adoption side, S-shaped diffusion models, most prominently the Bass model
and widely used logistic/ Gompertz variants, provide a standard way to represent lifecycle
growth under limited explanatory covariates [7-9]. On the engineering side, translating
forecast traffic volumes into capacity decisions commonly relies on explicit traffic engi-
neering definitions and scaling conventions (e.g., mean-rate equivalence or busy-hour
scaling) [10]. However, deterministic point forecasts alone cannot answer risk-based plan-
ning questions, such as what capacity is sufficient so that overload remains rare under
plausible futures.

This paper links diffusion and usage into a diffusion-to-dimensioning workflow that
produces probabilistic demand forecasts and decision-facing risk outputs. Uncertainty
is propagated using Monte Carlo simulation [11,12], enabling predictive distributions,
exceedance probabilities, and quantile-based capacity rules. Where additional risk sum-
maries are useful, tail-focused metrics, such as conditional value-at-risk (CVaR), may be
used as optional extensions [13]. Uncertainty bounds and stress regimes are specified in a
form consistent with standard quantitative risk analysis practice, emphasizing auditable
min/mode/max elicitation when data are limited [14,15].

Methodologically, diffusion family selection is treated as an empirical modeling choice
guided by fit diagnostics and information criteria (AIC) [16]. Where diffusion uncertainty is
explicitly represented, adoption trajectories may be perturbed using an It process formula-
tion around the fitted drift to generate ensembles of plausible diffusion paths [17,18], with
innovation normality assessed using standard normality tests where relevant (e.g., Shapiro-
Wilk) [19]. To support interpretable stress testing, sensitivity analysis may be included
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using rank-based screening (Spearman) and variance-based indices (Sobol/Saltelli) [20-22].
The implementation layer uses a practical Monte Carlo engine for generating risk outputs
and sensitivity summaries.

Recent work on mobile and IoT traffic modeling has reinforced the need for demand
representations that preserve heterogeneity across services, devices, and operating regimes.
At the network level, recent traffic forecasting studies have shown that fine-grained dy-
namics, peak behaviour, and non-stationarity matter directly for resource allocation and
medium- to long-term planning [23-25]. At the IoT access level, NB-IoT studies have
likewise shown that application classes can differ materially in device behaviour, payload-
related characteristics, and operating conditions, making a single homogeneous traffic
assumption difficult to justify across verticals [26]. However, relatively limited work has
combined medium-term adoption diffusion, class-specific usage uncertainty, and decision-
facing exceedance-based capacity outputs within a single data-lean planning framework.
That gap is addressed here by coupling proxy-based adoption diffusion with bounded
per-device usage priors and Monte Carlo uncertainty propagation.

This paper makes four contributions. First, a telecom-oriented diffusion-to-dimensioning
workflow is developed through which uncertain IoT adoption and per-device behavior are
converted into predictive demand distributions and exceedance curves for medium-term
planning. Second, adoption uncertainty and usage uncertainty are separated in a form that
remains auditable in data-sparse settings through proxy-based diffusion fits, bounded usage
priors, and structured stress regimes. Third, forecast uncertainty is translated into decision-
facing outputs, including quantile-based capacity rules and exceedance probabilities, rather
than being reported only as point estimates or interval bands. Fourth, through the GB case
study, it is demonstrated how proxy-scale uncertainty, usage uncertainty, and operational
dependence affect planning-year tail risk, with asset-tracking usage assumptions emerging
as the dominant driver of upper-tail capacity requirements.

The contribution of the manuscript is forecasting- and risk-dimensioning-oriented
rather than optimization-oriented. In particular, the proposed framework is designed
to produce probabilistic demand distributions, exceedance curves, and quantile-based
planning rules under uncertain adoption and usage; it is not formulated as a scenario-
based MILP/MINLP infrastructure optimization model with explicit decision variables, a
network cost objective, and solver-based optimality claims.

The framework is intended primarily for medium-term capacity planning in settings
where both adoption and per-device behavior remain uncertain and where historical
traffic measurements are sparse, short, or only partially representative. It is, therefore,
most suitable for early-stage or data-lean planning environments in which transparent
uncertainty propagation is needed before detailed network optimization becomes feasible.

The remainder of the paper is organized as follows: Section 2 presents the diffusion-
to-traffic model, uncertainty specification, and risk outputs; Section 3 reports the GB
case-study setup and results, including scenario outcomes and the sensitivity analysis;
Section 4 discusses implications, limitations, and extensions; and Section 5 concludes.

2. Materials and Methods

Medium-term planning for 5G/NB-IoT is complicated by simultaneous uncertainty
in adoption, per-device behavior, and the limited availability of long and representative
service-specific traffic histories. To address this problem, a diffusion-to-dimensioning
framework is formulated through which technology adoption diffusion is linked to per-
device traffic usage and then propagated into probabilistic demand and risk outputs.

The framework is organized in five layers: diffusion modeling, traffic modeling, un-
certainty specification, risk output generation, and, where required, sensitivity analysis.
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Adoption trajectories are estimated by fitting S-curve families to adoption proxies. Aggre-
gate traffic demand is then constructed from class-level adoption and per-device usage
priors. Uncertainty in adoption and usage is propagated through Monte Carlo simulation,
after which decision-facing outputs are derived in the form of predictive distributions,
exceedance curves, and quantile-based capacity rules. When interpretive prioritization
is needed, the uncertain inputs driving forecast variability are screened through global
sensitivity measures.

For the reader’s convenience, the principal symbols used in Equations (1)-(22) are
summarized in Table 1.

Table 1. Notation.

Symbol Meaning Units Domain/Status First Used
t month index - forecast month Section 2.1
to forecast origin - start of forgcastmg Section 2.1
exercise
H forecast horizon months or years planning horizon Section 2.1/Section 3
terminal month upper limit in
T index/horizon length in - PP Section 2.1
te{l,...,T}
months
constrained month subset of months under .
T . - . . Equation (1)
set/planning set planning constraint
. Section System Model
c IoT class index - c € {SM, AT} Overview/Equation (4)
Dy aggregate traffic demand at bits/month or Mbit/s forecast target Section 2.1
month ¢
3 Signaling load proxy at events/month or optional extension Section 2.1
month ¢ events/s
C G (s tgg?é?ﬁ;ig;ﬁ;zg) same units as Dy planning decision Equation (1)
aggregate traffic generated . . class-level traffic .
Tet by class ¢ at month ¢ bits/month or Mbit/s output Equation (4)
U, average traffic generated per  bits/ deylce /month or per-device traffic term Equation (4)
i device equivalent rate
busy-hour traffic for class c . eak-period .
BH Y peak-p
Tor at month ¢ same units as Te engineering quantity Equation (5)
- busy-hour scaling ‘ dimensionless engineering mapping Equation (5)
factor/peak-to-average ratio factor
cumulative adoption/active
Act subscription base for class c devices diffusion-state variable ~ Equations (4), (7), and (8)
at month ¢
class-level device count . adopted class mapping .
Ne entering the traffic model devices Net = Ag Equation (6)
me market potential /saturation devices diffusion input Equation (7)
anchor for class ¢
M selected S-curve family - M € {Bass, Logistic, Equation (7)
Gompertz}
) selected S-curve diffusion . diffusion family .
Fw(t; B, me) function for class ¢ devices representation Equation (7)
0. dlffuswncll);g:rcneters for model-specific fitted parameters Equation (7)
e 1 generic in Equation (8);
0,0 diffusion-volatility model-specific class-specific in Equations (8) and (19)
parameter . .
implementation
Wiener increment/Brownian - stochastic diffusion .

AWy, dW; shock term Vtime term Equations (8) and (19)
Tet message rate messages/device/month usage input Section 2.2 /Equation (9)
5c, payload size bits/message usage input Section 2.2 /Equation (9)
e active fractléyall{cf:rrled-share 0-1 bounded usage input Section 2.2 /Equation (9)
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Table 1. Cont.
Symbol Meaning Units Domain/Status First Used
bet burst factor dimensionless usage input Section 2.2 /Equation (9)
ect signaling events per device  events/device/month optional usage input  Section 2.2/Equation (10)
K Monte Carlo sample size trajectories implementation setting Section 2.3
g-quantile of predictive . . Equation (3), formalized
Qq(Dy) demand same units as D; risk output in Equation (14)
D4(C) exceedance c1t1rve at month probability overload-risk function Equation (16)
A cost/ overlqad trade-off 0-1 optional d§c151on Equation (17)
weight extension
A average-month conversion seconds/month bits/ month—'to—rate Equation (20)
constant conversion

2.1. Problem Definition

For medium-term planning for 5G/NB-IoT, future demand depends on (a) diffu-
sion/adoption of IoT devices and (b) per-device behavior that may be stable (e.g., smart
metering) or bursty and mobility-driven (e.g., asset-tracking). The objective is to forecast
predictive distributions (not only point forecasts) of aggregate demand in order to support
risk-constrained dimensioning.

Lett € {1,...,T} index months. At forecast origin ty, probabilistic forecasts are
produced over the required time span. The primary forecast target is the aggregate traffic
demand Dy. To keep units explicit and implementation-agnostic, D; may be expressed as:

e  Traffic volume per month (e.g., bits/month);

e Equivalent mean rate (e.g., bits/s or Mbit/s), obtained by dividing monthly volume
by the number of seconds in month t. If peak-period dimensioning is required, an
additional busy-hour scaling factor may be applied.

Optionally, a signaling load proxy S; may be forecast (e.g., events/month or events/s) to
represent control-plane intensity associated with mobility, attachment, or session procedures.

Capacity planning depends on tail outcomes under uncertainty in both adoption and
usage. A point forecast D; does not quantify (i) the probability of exceeding a candidate
capacity, (ii) the expected magnitude of overload, or (iii) the safety margin required to
meet a reliability target. Predictive distributions are, therefore, required for D; (and, when
applicable, S;) at each future month.

The planning decision is to choose a capacity C (static) or C; (time-varying) such that
overload risk is:

P(D;>C)<aVteT 1)

where & € (0,1) is the acceptable risk level and 7 denotes the set of months under the
planning constraint.
Overload severity is quantified via expected exceedance:

E[max(0, Dy — C)] 2)

which distinguishes between rare, mild violations and rare, severe violations.
A practical safety margin rule sets capacity to a high predictive quantile:

Ct = Q1-a(Dy) 3)

so that, under the forecast distribution, P(D; > C;) = a.
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System Model Overview

We define total aggregate network traffic demand as the sum of contributions from
multiple IoT device classes (e.g., smart meters, asset trackers). For each class c at time ¢, the
aggregate traffic T, ; is modeled as:

Tc,t = Ac,t : Uc,t (4)

where A, is the number of adopted /active devices and U, is the average traffic generated
per device.

Traffic can be converted from an average monthly mean-rate equivalent into a busy-
hour requirement using a busy-hour scaling factor «py, interpreted in standard traffic-
engineering terms as a peak-to-average ratio [10]. The busy-hour traffic TftH is then:

Tof = xpy - Teg 5)
where kgy > 1.

2.2. Demand Modeling

A single planning region is considered (e.g., a market, city, or operator footprint)
for which aggregate IoT-driven demand is forecasted at a monthly resolution. Spatial
heterogeneity across cells and detailed radio-access scheduling effects are not resolved;
the output is interpreted as offered aggregate load, to be mapped to capacity using an
engineering rule (e.g., mean-rate equivalence or busy-hour scaling).

Two device classes are modeled: smart metering (SM) and asset-tracking/logistics
(AT). The class index is c € {SM, AT}.

Let A. denote cumulative adoption (or active subscriptions/active base) of class c at
month t. In the adopted class-specific mapping, class-level device counts are defined as:

Nt = Acy, c € {SM, AT} (6)

Let m; > 0 denote the market potential (saturation anchor) for class c. Diffusion dy-
namics for A.; are represented using an S-curve family M € {Bass, Logistic, Gompertz},
commonly used in innovation diffusion forecasting [7-9], with class-specific parameters 6,:

Ac,t = fM(t} 0c, mc) (7)

Model selection is based on fit diagnostics and information criteria (AIC) [16]. The
fitted diffusion curve provides the expected adoption trajectory E[A].

Furthermore, to represent residual diffusion uncertainty around the fitted adoption
trajectory, we optionally introduce a stochastic diffusion formulation using an It6 pro-
cess [17,18]. Let A+ follow:

dAC,t = "l/l(AC,t, t) dt + U'(Ac,t, i’) AW, (8)

where dW; is a Wiener increment and ¢ controls volatility [17]. Following this approach,
the deterministic fitted diffusion curve is treated as the drift component, and stochastic
perturbations calibrated from residual innovations [18] are introduced.

Residual innovations are computed from the fitted diffusion and tested for normality
using the Shapiro-Wilk test [19]. Volatility ¢ is scenario-controlled using bounded pertur-
bations (e.g., =10%) represented via a triangular distribution, consistent with common risk
analysis elicitation practice when only plausible bounds are known [14,15].
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Per-device behavior is represented using random variables that capture activity, mes-
sage generation, payload size, and burstiness. For each class ¢ and month ¢, the following
quantities are defined:

e 1. message rate (messages/device/month);

e 5. payload size (bits/message);

e 4. active fraction (dimensionless, a.¢ € [0, 1]); in the present interpretation, a.; may
also represent the fraction of class traffic carried by the dimensioned network (e.g., to
represent “not all SM traffic is on cellular/5G” without changing notation);

e b burst factor (dimensionless, b.; > 1).

An optional signaling characterization uses:
e ¢, signaling events per device per month (events/device/month).

Aggregate traffic demand Dy is constructed from class counts and per-device usage:
Dy = Zch,t cActr Teps Sce bc,t )

In volume form, Dy is expressed in bits/month. In mean-rate form, D; may be divided
by the number of seconds in month ¢ and reported in bits/s (or Mbit/s). A busy-hour
equivalence factor may be applied when peak-period dimensioning is required.

When signaling is modeled, the signaling load proxy is defined as:

St = Zch,t' Qc,t- €c,t (10)

with S; in events/month (or events/s after rate conversion).

In the present application, capacity is sized using aggregate user-plane throughput
equivalents derived from monthly traffic volume (bits/month) and mean-rate conversion.
Signaling- or control-plane dimensioning is not included in the main GB results and is
retained only as a practitioner-facing extension because the relevant bottlenecks and KPIs
are deployment-specific.

Furthermore, D; should be interpreted as an aggregate offered user-plane load for
the planning region, expressed as a mean-rate equivalent. It is, therefore, most directly
relevant to high-level planning layers, such as aggregate RAN headroom assessment,
transport/backhaul provisioning, or regional/core demand screening, rather than to site- or
cell-level scheduling. To convert D; into an engineering dimensioning input, an additional
mapping step is required. First, the monthly mean-rate equivalent should be converted to
a busy-hour offered load using xpy. Second, that load should be allocated to the relevant
planning layer (for example, across cells, sites, or transport links) using deployment-specific
assumptions. The present GB results should, therefore, be interpreted as aggregate planning
requirements rather than as direct cell-level engineered KPIs.

2.3. Uncertainty Introduction and Quantification

Uncertainty is represented through a separation between slowly varying/structural
inputs (treated as trajectory-level draws) and usage variability (treated as month- and
class-level draws).

Slowly varying inputs include diffusion parameters 6., market potential ., and
(when enabled) diffusion volatility parameters for stochastic adoption trajectories. Usage
variability includes 7, act, be,t, and (optionally) e ¢; payload sizes s. are treated as fixed or
narrowly distributed, depending on the application assumptions.

In addition to scenario stress testing of saturation and diffusion speed, optional
diffusion uncertainty is introduced by perturbing the fitted diffusion trajectory using an
It6 process approach consistent with the adoption-uncertainty formulation in [18]. Drift
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follows the fitted S-curve’s implied growth rate; volatility is calibrated from drift-removed
residuals/innovations of the adoption proxy series. Normality of the relevant innovation
series is assessed using a standard normality test (e.g., Shapiro-Wilk) and reported for each
adoption proxy series used in the case study.

Since scenario regimes already stress diffusion through the saturation anchor . and
diffusion-speed multipliers jiq . (and pm, when applicable), the It6 uncertainty component
is included by varying only the volatility parameter o.

Adoption is interpreted as active subscriptions/active base; therefore, monotonicity
constraints are not enforced. Physical bounds apply; non-negativity is enforced, while an
optional upper cap at m, is reported as a robustness check.

Predictive uncertainty is propagated by generating K Monte Carlo trajectories [11,12].
A trajectory k € {1,...,K} represents one plausible realization of the future over the
horizon H, producing sequences {A(k)}, {Dt(k)}, and, when used, {Sgk) } For each

ot
month ¢, the empirical sample {Dt(k) }le defines the predictive distribution of Dy, from

which medians, prediction intervals (e.g., 80% and 95%), and tail quantiles (e.g., Qo.95(Dy))
are computed.

Proposed Uncertainty Parameterization

Scenario assumptions are parameterized using either distribution families (e.g., log-
normal, gamma, beta) or bounded triangular specifications (min, mode, max) to support
auditable elicitation.

Market potential m is bounded using demographic/industry constraints (e.g., ad-
dressable endpoints) and deployment limits. Growth parameters are bound to match
plausible adoption speed (e.g., time-to-midpoint and saturation tail behavior). When a
short adoption history exists, bounds are narrowed by matching early growth rates.

Smart metering (SM) is represented as stable periodic reporting with low variability
and bgyy ¢ ~ 1. Asset-tracking (AT) is represented as operationally driven and potentially
bursty behavior with wider uncertainty ranges and heavier tails, particularly for bar;.
When a stress regime intends to represent technology/use case market failure without
modifying adoption, the regime is implemented by lowering a.; and/or r.; while keeping
At unchanged.

Last, when monthly seasonality or operational cycles are expected, scenario definitions
may include seasonal modifiers applied to 7. or a.; (e.g., multiplicative factors with
mean 1). Absent supporting evidence, parameters are treated as stationary in time to
reduce assumption complexity.

2.4. Risk Metrics and Dimensioning Rule
2.4.1. Exceedance Probability and Severity

Let C denote available capacity expressed in the same units as D; (e.g., bits/month
or mean rate). Overload risk at month f is quantified through the exceedance probability
P(Dt > C)

Given Monte Carlo samples {Dt(k) }sz1 , the exceedance probability is estimated by:

P(D; > C) = %Zle 1{p" > c} (11)

When signaling is modeled and signaling capacity C(®) is specified, an analogous

exceedance probability P(St > C(S )) is computed.
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Exceedance probability does not distinguish between minor and severe overload.
Severity is quantified using expected exceedance:

E[max(0, Dt — C)] (12)

estimated from Monte Carlo samples as:
: 1y ()
E[max(0,D; — C)] = Ezkzl max(0,D;"” — C) (13)

Expected exceedance supports trade-off analysis between capacity cost and expected
overload magnitude.

2.4.2. Quantile-Based Safety Margin Rule

A quantile-based rule is adopted to translate predictive distributions into a capacity
target under risk tolerance a € (0,1). Capacity is set to the (1 — &) quantile of the predictive
distribution:

Ct = Qi-a(Dy) (14)

Under the predictive distribution, this rule implies P(D; > C;) ~ a.
For a constant capacity decision over a set of constrained months 7 C {tp+1,...,t + H},
a conservative choice is:

C =max Q1-4(Dr) (15)
teT
which controls exceedance risk across 7 under the predictive distribution.

2.4.3. Risk Profiles and Exceedance Curves

For a fixed month t, an exceedance curve summarizes overload risk across
candidate capacities:
¢:(C) =P(Dy > C) (16)

The curve ¢;(C) is monotone decreasing in C and can be estimated from the empirical
predictive distribution by evaluating P(D; > C) over a grid of C values. Exceedance curves
support the selection of C for alternative risk tolerances and enable comparison of planning
months (e.g., seasonal peaks).

2.4.4. Optional Decision Extensions

When a cost model for capacity is available, C may be selected by minimizing a
weighted objective, such as:

mcin A Cost(C) + (1 — A) E[max(0, Dy — C)] (17)

with A € [0,1]. This extension is not required for risk-based planning but provides an
additional interpretation of expected exceedance as an overload penalty.

2.5. Predictive Checks and Robustness Evaluation

Evaluation is performed primarily through structured scenario analysis because reli-
able out-of-sample demand history for the target 5G/NB-IoT service classes is not available.
A scenario set is defined by (i) diffusion/adoption assumptions and (ii) a Monte Carlo
sampling plan that generates predictive samples {Dt(k)}f:l (and optional {St(k) }) over
the horizon.

However, an empirical hold-out check is also conducted for the observable adoption
stage of the framework using the available real proxy series. In this way, the diffusion
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stage is examined against later observed proxy values, which provides a direct empirical
check on growth realism and out-of-sample stability where observable data exist. Because
independent measured 5G/NB-IoT service traffic series were not available for the target
classes, this exercise should be interpreted as validation of the proxy-adoption stage rather
than as end-to-end validation of the final Monte Carlo demand forecasts.
Decision-relevant outputs are extracted from predictive samples for each scenario
set, including:
Qlfa(Dt)/IP(Dt > C),E[maX(O, Dy — C)} (18)

Scenario-based evaluation is reported using: (i) fan charts of D; (median with 80/95%
intervals), (ii) tail quantiles (e.g., Qo.95(D})), (iii) exceedance curves ¢;(C) for selected
months, and (iv) capacity trajectories C; = Q1_,(D;) under nominal and stress regimes.

2.5.1. Robustness and Stress Testing

Robustness is assessed by comparing predictive outputs across a small number of
structured stress regimes. A minimal set includes:

e  Nominal scenario: central parameter values (e.g., modes/medians) with baseline variability.

e High-adoption stress: upper-range m and higher diffusion growth (e.g., higher g or g).

e High-usage stress: upper-range r.; and payload s, with increased activity a.;.

e  High-burst stress (AT-focused): upper-range bar; and optional signaling intensity e4r .

e  Compound stress: combined high-adoption, high-burst, and high-usage to test worst-
case tail risk.

Robustness is reported via changes in tail and risk metrics at decision-relevant months.
Capacity implications are summarized using C; = Q1_,(D;) under each stress regime.

2.5.2. Baselines

Two baselines are included to contextualize the proposed uncertainty propagation.

e  Bl: Deterministic mechanistic baseline. Diffusion is fixed, and all usage inputs are
fixed at nominal values, producing a point trajectory D;. This baseline provides a
reference for the magnitude of uncertainty bands and quantile-based safety margins.

e  B2: Single-model probabilistic baseline. Diffusion model uncertainty is disabled,
while parameter and usage variability are retained. Optional It6 process diffusion
uncertainty is also disabled so that the incremental impact of stochastic diffusion
perturbations on upper-tail outputs and on C can be isolated by comparison with the
full method.

2.6. Sensitivity Analysis

Sensitivity analysis may be included to identify which uncertain inputs most influence
decision-relevant planning outputs. The analysis is performed on scalar outputs derived
from the predictive distribution at a target month t* (e.g., * = t¢ + 36) or over a constrained
month set 7. It should be noted that the deterministic baseline B1 fixes inputs at nominal
point values (modes), whereas B2 summarizes the predictive distribution under the same
nominal scenario. For the AT class, several priors are intentionally right-skewed, and
the multiplicative demand construction amplifies this asymmetry. Consequently, the
distribution median may exceed the mode-based baseline, and B1 should be interpreted as
a most likely value reference rather than as a central estimate.

A two-stage procedure is recommended: (i) rank-based screening (e.g., Spearman [20])
to prioritize inputs, followed by (ii) variance-based Sobol indices [21,22] for the highest-
ranked inputs when computational budget permits. The results are reported as a ranked

https://doi.org/10.3390/ forecast8020028


https://doi.org/10.3390/forecast8020028

Forecasting 2026, 8, 28

11 of 38

table or tornado plot for screening and, when computed, a compact table of first-order and
total-order Sobol indices for the top inputs.

Recommended outputs include: Y; = Quos5(Dy), Yo = P(Dp >C) and
Y; = E[max(0, Dy — C)].

3. Results

To showcase the proposed uncertainty-propagation framework, an application over
Great Britain (GB) is presented. The case study converts uncertain IoT diffusion and
per-device usage into predictive distributions of monthly aggregate demand D; and cor-
responding risk-based planning outputs, including exceedance probabilities, exceedance
curves ¢(C) = P(Dy > C), and quantile-based capacity trajectories C; = Q1_,(D;) with
default « = 0.05.

The model is evaluated at a monthly resolution with month index t, forecast origin
to, and forecast horizon H of 5 years. Two IoT classes are considered, ¢ € {SM, AT},
representing smart metering (SM) and asset-tracking/logistics (AT). Class-level device
counts follow the mapping N, = A+, where A.; denotes cumulative adoption (or active
subscriptions/active base) for class c. Monthly aggregate demand is computed as the traffic
volume D; in bits/month using Equation (9).

The probabilistic assessment is reported for the planning year 2029 as the end-of-
horizon design year, while intermediate years are contextualized using baseline trajecto-
ries (B1 and B2). Demand and capacity are reported primarily as mean-rate equivalents
(Mbit/s), obtained by converting monthly volumes (bits/month) using the adopted month-
to-seconds convention; the corresponding bits/month values are provided as reference.

Busy-hour scaling and expected exceedance E[max(0, D; — C)] are reported separately
as supporting analysis rather than as primary results in Section 3.

3.1. Case Study Formulation and Inputs
3.1.1. Adoption Proxies and Market Potential Anchors

Smart metering adoption for GB is represented using DESNZ smart meter statistics
tables [27], using domestic and non-domestic “total smart meters” to construct an SM
adoption proxy. Total meter stock (smart and non-smart meters) provides a saturation
(market potential) anchor for SM, consistent with the interpretation of mgy; as an upper
bound on addressable devices.

Direct AT adoption series were not available at the national scale in a consistent form.
Therefore, annual M2M mobile network subscriptions were used as an AT scale anchor,
combining 2012-2015 values from Ofcom reporting [28] with 2016 onward values from
the ITU “M2M mobile-network subscriptions” indicator [29,30]. The M2M series was not
interpreted as a direct count of asset-tracking devices. Instead, it was used to provide a
plausible scale for the AT adoption path. Because M2M subscriptions are not uniquely
attributable to asset-tracking, wider AT uncertainty bounds were retained to reflect proxy
mismatch and coverage ambiguity. In addition, a dedicated sensitivity test was performed,
in which the baseline AT adoption path was perturbed multiplicatively (0.7x, 1.0x, 1.3x)
while AT usage priors were held fixed, and the resulting effect was compared with a
separate stressed-usage case.

3.1.2. Time Resolution and Disaggregation

Adoption inputs for the GB application are reported at quarterly resolution for SM
and annual resolution for the M2M proxy used to scale AT. The model remains monthly as
defined in Section 2. Adoption is treated as piecewise-constant within the reporting period
for months lacking finer resolution. Specifically, Nat; is held constant within each calendar
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year, while Ngps; is held constant within each calendar quarter, unless interpolation is
explicitly enabled.

Demand is computed as monthly volume (bits/month) because 7 is specified in mes-
sages/device/month. Exceedance curves ¢;(C) and capacity trajectories C; are computed
on the monthly D; distributions. When adoption is constant within a year (AT) or quarter
(SM) and no seasonality is applied to usage variables, within-period months may share
the same ¢ (C) and Cy; any remaining differences arise from sampled per-device usage
variability.

Since adoption is treated as piecewise-constant within the reporting period and no sea-
sonality is imposed by default, the probabilistic results reported for 2029 correspond to the
distribution of a representative month in the planning year under the adopted conversion
convention. The resulting exceedance curves and quantile-based capacity are, therefore,
interpreted as monthly planning metrics for 2029. In addition, a dedicated robustness check
of this within-period implementation choice was performed in the Section 3 by comparing
the baseline piecewise-constant treatment with interpolated monthly adoption paths while
keeping the Monte Carlo structure and all other model settings unchanged.

3.2. Parameterization and Scenario Implementation
3.2.1. Diffusion Fitting for SM and AT Adoption Proxies

Adoption trajectories A.; are generated by fitting S-curve diffusion families to the GB
adoption proxies described in Section 3.1.2. For smart metering (SM), the DESNZ proxy
supports a stable and well-behaved diffusion fit, and the best-fitting family is selected
using standard goodness-of-fit diagnostics (e.g., residual inspection and information criteria
where applicable). For asset-tracking /logistics (AT), the M2M subscriptions proxy exhibited
structural features not uniquely attributable to AT, and the fitted trajectory was, therefore,
treated as a smooth approximation of an AT scale adoption path rather than as a direct
measurement of AT diffusion. This proxy mismatch motivated wider uncertainty bounds
for AT relative to SM in the scenario analysis and was further examined through a separate
adoption anchor sensitivity test in Section 3. In addition, an asymmetric hold-out exercise
was performed for the adoption stage; a substantive out-of-sample check was applied to
the domestic and non-domestic SM proxy series, while only a limited plausibility check
was applied to the shorter annual M2M proxy used for AT.

If diffusion uncertainty is enabled, stochastic adoption trajectories are generated using
an It process perturbation around the fitted diffusion drift, consistent with Section 2.3. In
this case, drift follows the fitted S-curve’s implied growth rate, and volatility is calibrated
from drift-removed residuals/innovations of the proxy series. Normality of the innovation
series is assessed using a standard test (e.g., Shapiro-Wilk), and the tested series and test
outcomes are reported for each proxy. For uncertainty propagation, the volatility parameter
o, is sampled per trajectory from a triangular distribution (0.9¢, 0¢, 1.10¢).

Although Equation (8) is written in continuous-time form, trajectories are generated
on the monthly planning grid using an Euler-Maruyama discretization. For month index ¢
with step At (in years), Brownian increments are simulated as AW; ~ N (0, At), yielding

Acprnt = Acp + te(Act, ) At + 0c At AW (19)

where y.(+) follows the fitted S-curve drift and o, is calibrated from drift-removed proxy
residuals; Sampling is performed per trajectory from Triangular(0.90¢, o¢, 1.10¢).

The resulting class-specific diffusion-family choices, fitted parameters, fit diagnostics,
and diffusion-uncertainty settings are summarized in Table 2.
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Table 2. Diffusion specification per class.

Class/Proxy

Selected
Family

Fitted
Parameters

Fit
Diagnostics

1t6 Process Diffusion Uncertainty

Shapiro-Wilk Test

Domestic SM

Gompertz

Saturation = 45,486,650
Rate rq =0.067725
Time tq =29.6006

n=>53
R2=0.999
RMSE = 497,616
MAE = 359,041

Calibrated
o =0.002814

Triangular (0.90, 0, 1.10)

W =0.8729

p-value =0.0711

Non-domestic SM

Logistic

Saturation = 782,446
Rate rg =0.124457
Time t4 =40.2256

n=49
R2=0.998
RMSE = 7237
MAE =5098

Calibrated
o =0.007932
Triangular
(090, 0,1.10)

W =0.8842

p-value = 0.0993

AT proxy
(M2M
subscriptions)

Logistic

Saturation = 109,237,867

Raterq =0.20893
Time tq = 40.2256

n=13
R2=0.905

RMSE = 2,640,420

Calibrated o =0.018426

Triangular

W =0.9634

p-value = 0.8056

MAE = 2,249,424 (090, 0,1.10)

Note: SM total adoption is implemented as the sum of domestic and non-domestic components; diffusion families
and parameters are reported for each component used in the sum. Note 2: Normality test results are reported for
the calibration window used for volatility-style checks (the most recent 12 quarters, i.e., Q4 2022-Q3 2025, for SM
domestic and SM non-domestic). The AT proxy (M2M) is annual and uses the full observed window (2012-2024).
When tested over the full SM observation window (Q3 2012-Q3 2025), residual normality is rejected (domestic:
n =53, W= 0.9366, p = 0.0074; non-domestic: n = 49, W = 0.8759, p = 9.81 x 1079), indicating that departures
from normality are driven mainly by early diffusion-phase deviations rather than the recent calibration window.

3.2.2. Per-Device Usage Priors and Constraints

Per-device usage variables are specified on a monthly basis and sampled indepen-
dently unless otherwise stated. The GB application adopts auditable priors parameterized
by min/mode/max triples (triangular distributions), with boundedness constraints en-
forced as required by variable support. In particular, the activity factor a.; € [0,1] is
sampled from a bounded distribution (triangular truncated/capped in [0, 1], or beta if
used), and scenario multipliers applied to a.; are capped at 1. In addition to the indepen-
dent baseline, an optional dependence-robustness variant was also evaluated. Positive
dependence was imposed only among the AT message rate, AT burst factor, and AT activity
fraction, while AT payload size and all other model inputs were left unchanged. The tested
correlation levels were treated as illustrative robustness settings rather than as empirically
estimated behavioral parameters.

The smart metering class is parameterized as stable periodic reporting with narrow
uncertainty ranges and bgp;; ~ 1. The asset-tracking class is parameterized with wider un-
certainty ranges to reflect operational heterogeneity and tail risk, with burstiness captured
through bst;. Payload sizes s. are defined in bits/message and treated as class-constant
(or narrowly distributed) to maintain unit consistency in Equation (9).

The class-specific usage priors, units, distribution families, and support bounds
adopted for the GB application are summarized in Table 3.

Signaling load is not modeled in the present application and is left as an implementa-
tion choice for practitioners.

Table 3. Usage prior distributions entered for the GB application (7, ac, be t, 5¢), including units
and bounds.

Class ¢ Variable

Meaning

Distribution

Units Family

Min Mode Max Support/Bounds

SM TSM,t

SM aAsm,t

SM
SM
AT

AT

AT
AT

st
Ssm
TATt
AAT
bar
SAT

message rate
active fraction
(includes

“cellular-carried

share”)
burst factor
payload size
message rate

active fraction

burst factor
payload size

messages/device/month Triangular 120 150 180 >0

Capped to [0, 1] after

0-1 . L
scenario multipliers

BetaPert 0.2 0.4 0.6

>1

bits/message
messages/device/month
0-1

>1
bits/message

1.05
16,000 19,200

1.1 >1

>0

>0

Capped to [0, 1] after
scenario multipliers
>1

>0

Triangular 1
Triangular 12,800
Triangular 1440 3000 8640

0.6 0.85 1

1.5 3 10
400 1600 6400

BetaPert

Triangular
Triangular
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3.2.3. Scenario Multipliers and Orthogonality of Stress Regimes

The GB application implements the stress test scenario regimes defined in Section 2.5.1:
nominal, high-adoption, high-usage, high-burst (AT-focused), and compound. Adop-
tion stress is applied through class-specific multipliers on market potential and diffusion
speed (pm,c, jig,c), with stronger perturbations for AT to reflect the proxy mismatch and
wider plausibility bounds. In the scenario matrix, y,, . scales the market potential m,,
and jig . scales the diffusion speed parameter(s) of the selected S-curve family (e.g., the
logistic/Gompertz rate term), leaving the functional form unchanged.

Usage stress is applied multiplicatively to the base prior distributions. The high-usage
regime increases ¢, 4., and s (with stronger multipliers for AT) while keeping b, at
nominal levels. The high-burst regime targets AT tail behavior by increasing bar;. To
maintain orthogonality between regimes, 47 and a4 may hold near nominal values in
the high-burst regime, so that tail changes are primarily attributable to burstiness rather
than average message generation.

The compound regime combines high-adoption, high-usage, and high-burst multipli-
ers. For bounded variables, a. is multiplied by the scenario factor and capped at 1.

The full set of scenario multipliers implemented for the GB application is summarized
in Table 4.

Table 4. Scenario matrix implemented for the GB application.

€AT

Scenario HmSM  HmAT HgsM  MgAT  TsMm rAT asm aar  bsy  bar  ssm SAT (If Used)
Nominal .00 100 1.00 100 100 1.00 1.00 100 1.00 100 1.00 1.00 1.00
High- 105 125 110 125 100 1.00 1.00 100 1.00 100 1.00  1.00 1.00
adoption
High-usage ~ 1.00 100 100 100 110 125 105 110 100 100 110 1.15 1.00
ng&;’;‘“t 100 100 100 100 100 1.00 100 100 100 175 100  1.00 1.75
Compound 105 125 110 125 110 125 105 110 100 175 110 115 1.75

Note: Signaling is not applied in the main GB results; the e41 column is retained only as a practitioner-facing extension.

3.2.4. Monte Carlo Implementation and Reported Outputs

Uncertainty is propagated using Monte Carlo sampling. The model generates K
stochastic samples/trajectories for the planning year 2029. The empirical distribution
{Dg(())m }K_, is computed from Equation (9) and summarized using the median and central
prediction intervals (80% and 95%). Tail behavior relevant to planning is reported using
upper quantiles (e.g., Qo.95(D2029)).

Risk-based planning outputs are derived directly from the sampled distribution for
2029. The exceedance curve ¢ogp9(C) = P(Dagp9 > C) is evaluated for a range of capacities
C, and the quantile-based capacity C = Q1_,(D2g9) is reported for a = 0.05. Demand
and capacity are presented primarily in Mbit/s, with bits/month retained as a traceable
reference. Busy-hour scaling and expected exceedance E[max (0, Dpp9 — C)] are reported
separately as supporting analysis.

Computational requirements were modest for the present GB application. The Monte
Carlo engine generated K = 10,000 trajectories for the planning-year evaluation at monthly
resolution. On the data side, the diffusion-fitting stage used 53 quarterly observations for do-
mestic SM, 49 quarterly observations for non-domestic SM, and 13 annual observations for
the AT/M2M proxy. In practical terms, externally anchored S-curve fitting is workable with
approximately 10-15 observations, although shorter or lower-frequency series reduce the
ability to discriminate among diffusion families and weaken any out-of-sample assessment.
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The fitted diffusion trajectories for the GB smart-metering and asset-tracking adoption
proxies, together with the corresponding residual diagnostics, are shown in Figure 1. lllustrative
effects of the scenario multipliers on selected AT per-device usage priors are shown in Figure 2.

40 x107 GB SM adoption proxy: observed vs fitted diffusion (Q3 2012-Q3 2025) x10° GB SM diffusion fit residuals over time
| e~ observed (s total)
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Figure 1. S-curve diffusion fits for GB adoption proxies and residual diagnostics. (a) Smart metering
(SM) adoption proxy (DESNZ “total smart meters”, domestic + non-domestic): observed quarterly

series and fitted diffusion trajectory (sum of domestic and non-domestic fitted components). (b) SM
fit residuals (observed-fitted) over the quarterly index. (c) Histogram of SM fit residuals. (d) Asset-
tracking (AT) scale proxy: annual M2M mobile network subscriptions (Ofcom for 2012-2015; ITU
from 2016 onward) with fitted logistic diffusion trajectory. (e) AT proxy fit residuals over time.
(f) Histogram of AT proxy fit residuals. Residual diagnostics are included to illustrate goodness of fit
and to motivate uncertainty bounds for the proxy-based AT diffusion.
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Figure 2. Illustration of scenario multiplier effects on selected per-device usage priors (nominal
vs. stressed). (a) AT message rate r47;: nominal triangular prior and the stressed prior obtained
by applying the high-usage multiplier (as specified in the scenario matrix) to the min/mode/max
triple. (b) AT burst factor b 47 ;: nominal triangular prior and the stressed prior under the high-burst
(AT-focused) regime. (c) AT payload size s 47: nominal triangular prior and the stressed prior under
the high-usage regime. Stressed priors are produced by multiplicative scaling of the base priors, with
bounded variables (when applicable) capped to their physical support as specified in Section 2.

3.3. Predictive Demand Results

The probabilistic demand results are reported for planning year 2029 under the sce-
nario regimes defined in Section 2.5.1. Monte Carlo simulation generates K = 10,000
samples of the monthly aggregate demand Dy for each scenario, from which empirical
prediction intervals and tail quantiles are estimated.

Demand is computed in bits/month and reported primarily as a mean-rate equivalent.
Using the average month convention A = 2,629,800 s, we convert volume to rate as:
D t(bits /month)

Mbit/s)

DM = (20)

A - 100
3.3.1. Scenario-Level Distributions of Total Demand
Table 5 summarizes the predictive distribution of total demand in 2029 for each
scenario using the median, the central 80% prediction interval (P10-P90), the central 95%
prediction interval (P2.5-P97.5), and the 0.95 quantile Qg 95(D2gp9), which corresponds to

the quantile-based capacity used for « = 0.05. The results are reported in Mbit/s, with
bits/month provided as a reference.
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Table 5. Predictive summaries for total demand D;gy9 under each scenario.
. Median P10-P90 P2.5-P97.5 Qg‘95 (Dzozg)

Scenario (Mbit/s) (Mbit/s) (Mbit/s) (Mbit/s)
Nominal 750.5 287.8-1861 168.7-2824 2351.8
High-adoption 904.6 342.6-2227.9 199-3422.3 2846.4
High-usage 1180.3 446.7-2900.1 262.3-4474.5 3728.2
High-burst (AT) 1304.4 488.9-3215.5 282.9-4976.6 4098.8
Compound 2473.1 924.7-6131.1 531.1-9382 7830.3

Total demand in 2029 (Mbit/s)

The scenario-level predictive distribution of total demand in the 2029 planning year is
visualized in Figure 3.

Planning-year (2029) total demand: median with 80% and 95% intervals
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Figure 3. Planning-year (2029) predictive distribution of total demand Dgy9 across scenarios (median
with 80% and 95% prediction intervals).

Across scenarios, median demand increases monotonically from nominal to compound.
Tail behavior exhibits stronger amplification than the median, particularly in the high-
burst and compound regimes, indicating that burstiness and usage uncertainty contribute
materially to planning-relevant upper quantiles. The compound regime produces the
largest right-tail shift, reflecting the combined action of adoption and usage stresses.

To clarify the class-level source of aggregate uncertainty, the 2029 per-class demand
distributions under the nominal and stressed AT regimes are shown in Figure 4.

Asset tracking dominates the upper tail because the per-device demand model is
multiplicative in adoption and usage components (e.g., D, scales with Ac rc¢ act bey Se,
and related factors). Relative to smart metering (SM), AT is assigned a higher message
intensity r 47+, a higher activity a 41 ¢, and—most importantly—a substantially larger burst
factor bar;, which amplifies peak-equivalent demand under busy-hour conversion. In
addition, the AT payload size s 47 is modeled with wider uncertainty than SM, so even when
medians are comparable, AT contributes disproportionately to high quantiles (e.g., Qo.95).

It should be noted that, although 7.8 Gbit/s may appear modest relative to broadband
traffic volumes, the present application concerns fragmented, high-heterogeneity mMTC
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demand. Operational complexity may, therefore, remain high, even when aggregate
throughput remains moderate.
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Figure 4. Per-class demand distributions (2029). Empirical distributions of Dsps2029 and D At 2029
across K = 10,000 Monte Carlo runs under (a) the nominal scenario and (b) the stressed AT (high-
burst) scenario. Vertical lines indicate P50 and Qqg5 for each class. (Units shown as mean-rate
equivalent, Mbit/s).

3.3.2. Class Contributions (SM vs. AT)

To interpret the aggregate distributions, class contributions are examined using the
sampled components of Equation (9). Table 6 reports the median contributions of AT and
total SM demand in Mbit/s and the distribution of the AT share D?0T29 / Dopg across Monte
Carlo trials. The decomposition of total 2029 demand into AT and SM components across
scenarios is shown in Figure 5.

Table 6. 2029 class contribution summaries.

. AT Median Total ‘SM AT Sh.are AT Share
Scenario (Mbit/s) Median (Median (P10-P90
(Mbit/s) Across Trials) Across Trials)

Nominal 733.5 16.72 97.8% 94-99.1%
High-adoption 887.2 16.48 98.2% 95-99.3%
High-usage 1158.8 20.92 98.2% 95.2-99.3%
High-burst (AT) 1287.8 16.72 98.7% 96.5-99.5%
Compound 2452.3 20.94 99.2% 97.7-99.7%

Asset tracking was found to dominate aggregate demand across all reported regimes,
and this dominance became stronger under regimes that stressed AT adoption and bursti-
ness. However, the additional proxy decomposition test indicated that the strength of
this dominance was not attributable to the proxy scale alone. A £30% perturbation of the
AT adoption anchor changed Q0.95 by approximately +29.8%, whereas the stressed AT
usage case increased Q0.95 by 74.4%. Therefore, the upper-tail dominance of AT should be
interpreted primarily as a usage-uncertainty result, with a material but smaller contribution
from proxy-scale uncertainty.
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Planning-year (2029) AT share across scenarios (10,000 trials)
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Figure 5. Planning-year (2029) decomposition of total demand into AT and SM components across scenarios.

3.3.3. Sensitivity to the AT Adoption Proxy

Because the AT class was scaled using an M2M-based proxy rather than a direct AT
count, an additional decomposition test was performed to separate proxy-scale uncertainty
from AT usage uncertainty. The baseline AT adoption path was perturbed multiplicatively
by 0.7 and 1.3, while all AT usage priors were kept at nominal settings. A separate stressed-
usage case was then evaluated by retaining the baseline AT adoption path and applying
the existing stressed AT usage setting. The SM component, Monte Carlo settings, and all
other model inputs were left unchanged.

The resulting planning-year summaries are reported in Table 7. Under nominal AT
usage, reducing the AT adoption anchor to 0.7 x decreased the 2029 median demand from
747.9 to 528.5 Mbit/s and decreased Q0.95 from 2351.8 to 1651.9 Mbit/s, corresponding to
a 29.8% reduction in the upper-tail planning metric. Increasing the AT adoption anchor
to 1.3 x increased the median to 967.2 Mbit/s and increased Q0.95 to 3052.0 Mbit/s, corre-
sponding to a 29.8% increase relative to baseline. By comparison, when the AT adoption
anchor was kept at baseline and AT usage priors were stressed, the median increased to
1296.5 Mbit/s and QO0.95 increased to 4101.6 Mbit/s, corresponding to a 74.4% increase
relative to baseline.

Table 7. Decomposition of AT proxy-scale and usage-prior effects on planning-year demand (2029).

Scenario AT Scale AT Usage Median Q0.95 AQO0.95 vs.
Factor Case (Mbit/s) (Mbit/s) Baseline

Baseline 1.0 Nominal 747.9 2351.8 0.0%
Low AT 0.7 Nominal 528.5 1651.9 —29.8%
anchor

High AT 13 Nominal 967.2 3052.0 +29.8%
anchor

AT usage 1.0 Stressed 1296.5 4101.6 +74.4%
stressed

These results indicate that the reported AT tail dominance was affected materially by
the scale choice of the M2M-based proxy, but it was driven more strongly by AT usage
uncertainty than by the proxy-scale choice alone. Therefore, the upper-tail result should be
interpreted primarily as a usage-driven finding, while a material but smaller contribution
from proxy-scale uncertainty should also be acknowledged.
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3.3.4. Baseline Alignment for Probabilistic Configurations

The probabilistic summaries for 2029 obtained under the single-model probabilistic
baseline (B2) closely match the corresponding summaries from the full configuration used
in this application. This alignment indicates that, for the present GB case study settings,
scenario multipliers and per-device usage uncertainty account for the dominant share of
variability in Dygp9, while additional stochastic diffusion perturbations (when disabled or
weakly expressed) do not materially alter planning-relevant quantiles.

The corresponding B2 scenario-wise quantiles for the 2029 planning year are reported
in Table 8.

Table 8. B2 quantiles for Dyppg9 by scenario.

. Median P10-P90 P2.5-P97.5 Q0.95 (D2029)
Scenario (Mbit/s) (Mbit/s) (Mbit/s) (Mbit/s) AQoss
Nominal 7483 289-1862.5 179.4-2862 2347 —0.20%
High-adoption 902 346-2250.6 213.1-3460 4 2835.6 —0.38%
High—usage 1178.1 451.6-2940.2 278-4521.4 3704.7 —0.63%
High-burst (AT) 1297.2 492.6-3248.9 300.1-4998.3 40932 —0.13%
Compound 2470.8 931.7-6208.9 564.3-9552.8 7824.1 —0.08%

Across scenarios, the B2 and full-method estimates of Qg 95(Dagp9) differ by less than
0.7%, supporting the interpretation that scenario multipliers and per-device usage uncer-
tainty dominate the planning-year tails for this case study configuration.

3.4. Risk-Based Planning Outputs

This subsection translates the predictive distribution of monthly demand in 2029 into
decision-relevant risk metrics and a quantile-based capacity recommendation. The primary
risk level is set to « = 0.05, and capacities are reported in Mbit/s using the conversion in
Section 3.3.

Exceedance curves quantify the probability that demand exceeds a candidate capacity
C under each scenario:

$2029(C) = P(Dapp9 > C) (21)

Figure 6 reports ¢029(C) for the nominal, high-adoption, high-usage, high-burst (AT-
focused), and compound regimes. Relative to the nominal regime, adoption and usage
stresses shift the curve upward and to the right, indicating higher overload probability for
any fixed C. The high-burst regime produces a stronger uplift in the upper tail than the
high-usage regime at large C, consistent with burstiness amplifying right-tail risk more
than central tendency. The compound regime produces the largest exceedance probabilities
across the evaluated capacity range.

A risk-constrained capacity is obtained by selecting the (1 —a) quantile of the
planning-year demand distribution:

C = Q1-a(Dao29), & = 0.05 22)

Table 9 reports C (Mbit/s) for each scenario. Since C is defined by the predictive tail,
the relative increase in C across scenarios is larger than the corresponding increase in the
median. In particular, the compound regime produces the largest required capacity margin
due to the combined effects of stressed adoption and burstiness.
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Table 9. Quantile-based capacity C = Qg.95(D2g29) for & = 0.05, by scenario.

. Q0.95(D2029) C
Scenario (Mbit/s) (Tbits/Month)
Nominal 2351.8 6184.8
High-adoption 2846.4 7485.5
High-usage 3728.2 9804.4
High-burst (AT) 4098.8 10,779
Compound 7830.3 20,592.1
10 Planning-year (2029) exceedance curves for total demand
Scenario
O —— Nominal
A High-adoption
2 —— High-usage
= e 47
&
1074 : . . . . } :
0 2000 4000 6000 8000 10000 12000

Capacity C (Mbit/s)

Figure 6. Planning-year (2029) exceedance curves ¢p9(C) for total demand under all scenarios (Mbit/s).

For each scenario, the quantile-based capacity C is the minimum capacity that satisfies
P(Djygp9 > C) ~ « under the forecast distribution. The separation between the median
demand and C quantifies the planning margin required to control overload risk. The
results indicate that stress regimes affecting AT burstiness produce disproportionately large
increases in C, even when median demand changes are moderate, reflecting the sensitivity
of quantile-based planning to right-tail behavior.

To support reproducibility, the exceedance curve in Figure 6 is computed empirically
from Monte Carlo samples as ¢029(C) = K’lzle ]I{Dél(;)zg > C}. Additional supporting
analyses—busy-hour scaling and expected exceedance E[max(0, Dyp9 — C)] for illustra-
tive capacities—are reported separately. The sensitivity of these planning-year risk out-
puts to the within-period implementation of the adoption path is examined separately
in Section 3.5.6.

3.5. Baseline Comparisons and Verification Checks
3.5.1. Deterministic Baseline Trajectory (B1) for 2025-2029

The deterministic baseline (B1) provides a mechanistic reference trajectory D; obtained
by fixing diffusion and per-device usage inputs at their nominal point values. For the GB
application, Bl is reported for 2025-2029 to summarize the directional evolution of demand
under nominal assumptions and to provide a reference against which probabilistic safety
margins in 2029 can be interpreted.

Bl values are reported primarily in Mbit/s using the conversion Dt(Mbit/ ) —

Dt(bits/ month) /(A 106) with A = 2,629,800 s, with bits/month shown as reference.
The resulting deterministic baseline trajectory for total demand over 2025-2029 is
reported in Table 10.
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Table 10. Bl deterministic baseline trajectory for total demand (2025-2029).

Year f)t Dt
(Mbit/s) (Tbits/Month)
2025 163.3 429.6
2026 186 489.1
2027 209.7 551.5
2028 234.2 615.8
2029 258.9 680.8

3.5.2. Probabilistic Baseline Trajectory (B2) for the Planning Year (2029)

The single-model probabilistic baseline (B2) retains parameter and usage uncertainty
while fixing the diffusion family (i.e., diffusion model-form uncertainty is disabled). B2
is summarized for the design year (2029) to provide a probabilistic baseline distribution
under nominal assumptions and to contextualize the quantile-based capacity relative to the
central tendency.

For planning, the 2029 distribution is the primary focus. The baseline trajectory
provides a reference for interpreting how far the quantile-based capacity C = Qo.95(D2029)
sits above the central tendency relative to earlier years.

The resulting probabilistic baseline distribution for the 2029 planning year is summa-
rized in Table 11.

Table 11. B2 probabilistic baseline (2029).

. Median P10-P90 P2.5-P97.5 Q0.95(D2g29)
B2 Scenario (Mbit/s) (Mbit/s) (Mbit/s) (Mbit/s)
2029 7483 289-1862.5 179.4-2862 2347

It should be noted that the deterministic baseline B1 fixes inputs at nominal point
values (modes), whereas B2 summarizes the full predictive distribution under the same
nominal scenario. For the AT class, several priors are intentionally right-skewed (mode
close to the lower bound with a long upper tail; e.g., ra7+, bar;, and s41, and the multi-
plicative demand model amplifies this asymmetry. Consequently, the distribution median
can exceed the mode-based baseline, and B1 should be interpreted as a “most-likely-value”
reference rather than a central estimate.

3.5.3. Empirical Hold-Out Validation and Plausibility

To provide an empirical check against real observed data beyond the scenario-based
analysis, an out-of-sample hold-out exercise was conducted for the adoption trajectories
used in the GB case study. The purpose of this exercise is to test whether the fitted
proxy-adoption paths remain stable when evaluated against later hidden observations
and whether the implied growth patterns remain empirically plausible. The validation
is, therefore, applied to the observable proxy-adoption fits rather than to the final Monte
Carlo demand distribution. For smart metering (SM), the last six quarters of the domestic
and non-domestic proxy series were held out, the diffusion models were re-estimated on
the earlier training windows, and the resulting forecasts were compared with the hidden
observations. For the asset-tracking (AT) class, only a limited two-year hold-out consistency
check was conducted on the annual M2M proxy, because the available annual history is
short and the series is used only as an AT scale anchor rather than as a direct AT count.

The hold-out results are summarized in Table 12. For SM, very small hold-out errors
were obtained. Domestic SM produced a hold-out MAPE of 0.69%, while non-domestic SM
produced a hold-out MAPE of 0.70%. The corresponding aggregate SM hold-out MAPE
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was also 0.69%. In all three SM views, the direction of growth over the hold-out window
was reproduced correctly, although the predicted growth was slightly lower than the
observed growth. These results indicate that the fitted SM adoption trajectories were stable
out of sample and provide strong empirical support for the adoption stage of the model.

Table 12. Hold-out validation results.

Hold-Out Observed Predicted
Series Period MAE  MAPE(%) GrowthOver  Growth Over Interpretation
e Hold-Out Hold-Out
Domestic SM Last 6 quarters 251,920 0.69 10.09% 8.61% Strong out-of-sample
support
Non-domesticSM  Last 6 quarters 3607 0.70 24.22% 21.69% Strong out-of-sample
support
Aggregate SM Last 6 quarters 255,528 0.69 10.28% 8.79% Strong out-of-sample
support
AT/M2M proxy Last2years 2,618,503 9.57 2.26% 23.02% leltes‘i g}lilﬁlblhfy

By contrast, the AT hold-out evidence was more limited. The two-year M2M proxy
hold-out produced a MAPE of 9.57%, which remained acceptable as a level-error check,
but the growth over the hold-out window was overstated: observed growth was 2.26%,
whereas predicted growth was 23.02%. Accordingly, the AT result is not interpreted
as strong predictive validation. Instead, it is interpreted as a limited plausibility check,
consistent with the short annual sample and the manuscript’s treatment of the M2M series
as an AT scale proxy rather than as a direct AT measurement.

Taken together, the hold-out exercise provides partial empirical validation of the
framework through its observable adoption layer, but it does so asymmetrically across
classes. Strong out-of-sample support was obtained for SM, whereas the AT evidence
should be read more cautiously as plausibility support only. Accordingly, the present
results should be interpreted as empirically strengthened at the adoption stage, while the
final demand distributions remain scenario-based planning outputs rather than directly
validated service traffic forecasts.

3.5.4. Robustness to Correlated AT Usage Shocks

Because AT usage-side assumptions were found to dominate planning-year variability,
an additional robustness test was conducted to assess whether the independence assump-
tion materially affected the upper tail of the 2029 demand distribution. The test was
intentionally limited in scope and was not treated as a calibrated behavioral dependence
model. Instead, three illustrative cases were evaluated for the nominal 2029 total demand
forecast: (i) an independent baseline, (ii) a moderate positive dependence case, and (iii) a
stronger positive dependence case.

Positive dependence was imposed only among the AT message rate, AT burst factor,
and AT activity fraction. The AT payload size was left independent because it was treated as
a structural application-level parameter rather than as part of the operational co-movement
stress being tested. The tested dependence settings were defined as illustrative robustness
inputs rather than as empirically estimated correlation parameters. The target pairwise
settings were (0.4, 0.3, 0.2) for the moderate case and (0.6, 0.5, 0.4) for the stronger case,
respectively. All adoption paths, usage priors, scenario settings, and trial counts were
kept unchanged.

The results are summarized in Table 13. The median was affected only marginally,
changing from 767.1 Mbit/s in the independent case to 765.7 Mbit/s under moderate
dependence and 760.4 Mbit/s under stronger dependence. By contrast, the upper tail
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shifted upward materially. Q0.95 increased from 2392.5 Mbit/s in the independent case
to 2831.1 Mbit/s under moderate dependence and 2929.9 Mbit/s under stronger depen-
dence, corresponding to increases of 18.3% and 22.5%, respectively. A similar pattern was
observed at Q0.99, which increased from 3701.9 Mbit/s to 4476.2 Mbit/s and 4557.7 Mbit/s,
corresponding to increases of 20.9% and 23.1%, respectively.

Table 13. Dependence-robustness for the nominal 2029 planning-year demand distribution (Mbit/s).

Corr Corr Corr
Case (Message (Message Rate, (Activity Median Q0.95 Q0.99 AQO0.95 vs. AQO0.99 vs.
Rate, Burst Activity Fraction, Burst  (Mbit/s) (Mbit/s) (Mbit/s) Independent Independent
Factor) Fraction) Factor)
Independent 0 0 0 767.1 23925 3701.9 0.0% 0.0%
baseline
Moderate
positive 04 0.3 0.2 765.7 2831.1 4476.2 +18.3% +20.9%
dependence
Stronger
positive 0.6 0.5 0.4 760.4 2929.9 4557.7 +22.5% +23.1%
dependence

The results indicate that plausible positive co-movement among key AT operational
usage inputs does not materially change central tendency, but it does shift the planning-year
upper tail upward. Accordingly, the independence assumption should be interpreted as a
simplifying baseline rather than as a neutral representation of tail risk. For the present GB
application, correlated AT usage shocks provide a more conservative view of planning-year
exceedance risk than the independent baseline.

It is noted that minor numerical differences (~1.7%) relative to the main nominal
Q0.95 in Table 5 arise from independent random seeds used in the separate dependence—
robustness run and do not affect the qualitative conclusions.

3.5.5. Internal Verification and Robustness Checks

Internal verification checks were conducted to support the credibility of the scenario-
based application at the level of demand construction, uncertainty propagation, and risk
output generation.

e  First, dimensional consistency was confirmed: with r.; specified in messages/device/
month and s in bits/message, Equation (9) yields D; in bits/month, and the reported
mean-rate equivalents (Mbit/s) follow directly from the stated month-to-seconds
conversion A = 2,629, 800s.

e  Second, support constraints and physical bounds were satisfied throughout sampling;:
the activity factor a.; was restricted to the interval [0, 1] (with capping after sce-
nario multipliers), the burst factor b.; remained at or above 1, and demand outputs
remained non-negative.

e  Third, deterministic recovery was verified: when uncertainty distributions were col-
lapsed to point values, the Monte Carlo implementation reproduced the deterministic
baseline D; for the corresponding year within numerical tolerance.

e  Fourth, tail behavior under stress was consistent with model intent: under the high-
burst and compound regimes, upper quantiles increased more strongly than the
median, indicating right-tail amplification driven by burstiness rather than only shifts
in central tendency.

e  Finally, component accounting was consistent: for each Monte Carlo trial, total demand
equaled the sum of AT and SM components (including domestic and non-domestic
SM subcomponents where reported), and derived shares (e.g., AT share of total de-
mand) remained within [0, 1]. These checks indicate that the reported planning-year
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distributions and derived risk outputs are internally coherent and numerically stable
for the chosen sampling size (K = 10,000).

The baseline comparisons and verification checks support the interpretation that
probabilistic planning outputs for 2029 are driven primarily by scenario regime stresses
and per-device usage uncertainty, with quantile-based capacity providing a transparent
mapping from forecast tails to a reliability target . The B1 trajectory provides intermediate-
year context without requiring a full probabilistic evaluation for each year.

3.5.6. Interpolation Robustness

Because the smart meter adoption inputs were available at quarterly resolution and
the M2M-based asset-tracking scale anchor was available at annual resolution, the baseline
implementation treated adoption as piecewise-constant within each reporting period. To
test whether this implementation choice materially affected the 2029 planning-year risk
outputs, three cases were evaluated. In Case A, the baseline implementation was retained,
with smart meter adoption held constant within each quarter and asset-tracking adoption
held constant within each year. In Case B, linear monthly interpolation was applied to
both smart meter and asset-tracking adoption paths. In Case C, a hybrid diagnostic was
evaluated in which only the asset-tracking path was interpolated, while the smart meter
path remained piecewise-constant.

In this robustness exercise, the diffusion fits were not re-estimated. The Monte Carlo
structure, usage priors, scenario multipliers, and trial count were kept fixed, so that only the
deterministic within-period implementation of the adoption path was changed. The com-
parison was performed on the 2029 planning-year maximum monthly demand distribution,
which is more appropriate for this question than the year-end endpoint alone.

Small trial-level differences were observed between the interpolation cases. However,
these differences were not sufficient to shift the reported distribution summaries. Across all
five scenarios, the median and the 95th percentile of the planning-year maximum monthly
demand remained unchanged to reported precision across cases A, B, and C. Accordingly,
the percentage differences in the reported summary metrics were classified as negligible.

These results indicate that, for the present GB case study configuration, within-period
smoothing of the adoption path may affect some individual simulated outcomes, but it
does not materially affect the planning-year risk summaries or the associated risk-based
planning conclusions. The piecewise-constant implementation was, therefore, retained in
the main analysis, while interpolation was treated as a robustness check rather than as a
driver of the headline capacity results.

The quantitative comparison is summarized in Table 14.

Table 14. Interpolation robustness for the 2029 planning-year maximum monthly demand (Mbit/s).

Scenario Median A Median B  Median C Q0.95 A Q0.95B Q0.95C Materiality
Nominal 756.3 756.3 756.3 2396.4 2396.4 2396.4 Negligible
High-adoption 911.0 911.0 911.0 2895.8 2895.8 2895.8 Negligible
High-usage 1186.9 1186.9 1186.9 3768.9 3768.9 3768.9 Negligible
High-burst (AT) 13114 1311.4 13114 4121.0 4121.0 4121.0 Negligible
Compound 2501.1 2501.1 2501.1 7962.3 7962.3 7962.3 Negligible

3.6. Sensitivity Analysis of Planning-Year Results

Sensitivity is evaluated to identify which uncertain assumptions contribute most
strongly to the variability of Dygy9, thereby supporting prioritization of measurement and
elicitation effort.
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Sensitivity is quantified using the Spearman rank correlation coefficient between each
sampled input and the simulated output Dygp9 across the K = 10,000 Monte Carlo trials.
Rank correlation is appropriate for the present multiplicative demand model (Equation (9))
because it captures monotonic dependence without requiring linearity. The analysis focuses
on the uncertain usage inputs {7, act, bct, ¢ }; adoption multipliers ( Wm,cr yg,c) are treated
as deterministic scenario stresses rather than sampled quantities.

Table 15 reports Spearman rank correlations for the nominal planning-year distribution.
The ordering is stable across scenarios because scenario regimes apply deterministic scaling
to the same underlying sampled inputs. The results indicate that planning-year variability
is dominated by AT usage characteristics: AT payload size s4r exhibits the strongest
association with total demand, followed by the AT burst factor b4 ; and AT message rate
rar+ The AT activity fraction a47 shows a smaller, but still positive, contribution. In
contrast, SM usage inputs exhibit negligible rank correlation with Dygpg, consistent with
the class decomposition results (Table 6) showing that SM contributes only a small fraction
of aggregate demand.

Table 15. Sensitivity of Dyppg to per-device usage inputs.

Rank Input Spearman p Interpretation
1 SAT 0.659 AT payload size is the primary driver of output variability.
2 bar 0.519 AT burstiness materially amplifies right-tail uncertainty.
3 TAT t 0.471 AT message rate contributes strongly to demand variability.
4 A 0125 AT activity fraction has a secondary effect given its
’ narrower support.
5 bsar s 0.012 Negligible influence relative to AT drivers.
6 asm e 0.010 Negligible influence relative to AT drivers.
7 SSM —0.007 Negligible influence relative to AT drivers.
8 TSM.t 0.002 Negligible influence relative to AT drivers.

These findings reinforce the interpretation that risk-based dimensioning in the GB
application is primarily sensitive to AT assumptions, particularly those affecting per-
message payload and burstiness. Practically, this suggests that empirical characterization
of AT payload distributions and burst dynamics is more consequential for planning-year
tail risk than further refinement of SM usage priors under the adopted proxy-based class
mapping and scenario structure.

3.7. Case Study Takeaways

The GB application demonstrates that planning-relevant capacity requirements are
governed by the right tail of the demand distribution rather than by central tendency.
Across the evaluated stress regimes, the median demand increases from nominal to com-
pound, while the upper quantiles increase more strongly under regimes that amplify
burstiness and high-usage behavior. The resulting quantile-based capacity recommen-
dations C = Qpo5(Danng), therefore, exhibit materially larger scenario separation than
median demand, highlighting the importance of reporting predictive distributions and
exceedance-based risk metrics for dimensioning. The class decomposition indicates that
asset tracking dominates aggregate demand and tail behavior under all regimes, while
smart metering contributes a comparatively stable component. The baseline comparisons
(B1 and B2) provide intermediate-year context and confirm that, for the present configu-
ration, scenario multipliers and per-device usage uncertainty are the dominant drivers of
planning-year tail risk. Sensitivity screening reinforces the decomposition results by show-
ing that planning-year variability is dominated by AT usage assumptions. The strongest
drivers of variability are AT payload size, AT burst factor, and AT message rate, while SM
usage inputs have negligible influence under the adopted class mapping and priors. In
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addition, the dependence-robustness test showed that introducing plausible positive co-
movement among AT message rate, burstiness, and activity fraction produced little change
in the median but materially increased the planning-year upper tail, with Q0.95 increasing
by 18.3% under moderate dependence and by 22.5% under stronger dependence. This
indicates that independence is a simplifying baseline and that correlated AT operational
shocks should be expected to yield a more conservative planning view of exceedance risk.

4. Discussion

This study examined scenario-conditioned forecasting of aggregate 10T traffic demand
and the associated capacity risk in a 5G planning context. The discussion concentrates
probabilistic interpretation on the end-of-horizon planning year 2029, where full Monte
Carlo uncertainty propagation is reported, while intermediate-year trajectories are contex-
tualized through baselines rather than annual predictive distributions. Intermediate-year
trajectories are used primarily for context through baselines, while the central planning
question is framed in terms of exceedance probability and quantile capacity (C = Q1_,(Dy),
« = 0.05).

4.1. Main Findings

Across all scenarios, capacity needs are dominated by tail behavior rather than central
tendency. For the 2029 planning year, the quantile capacity C = Qg 95(D2029) is consistently
about 3.1 times the median demand. This stable “tail amplification” shows that planning
margins are governed primarily by the right tail of Djy9, not by the median (or mean).
As a result, reporting median demand alone would materially understate the headroom
required to satisfy an exceedance target of « = 0.05.

This distinction should be noted clearly. AT payload size emerged as the strongest
driver in rank-based sensitivity around the nominal sampling regime, whereas burst-
focused scenario stress produced the largest single-axis upward shift in capacity-relevant
upper quantiles, and correlated AT usage shocks further increased the tail without materi-
ally changing central tendency.

To move beyond a single design percentile, the exceedance curve provides a direct
view of the risk—capacity trade-off. Even if planning starts from a reference point, such as
C = Qo.95(D2n29), the curve ¢p029(C) = P(Dyp29 > C) shows how reliability improves as
capacity increases. This enables decision-making that is not limited to “meeting « = 0.05”
but can also evaluate alternative risk postures by observing how quickly exceedance
probability declines with incremental additions of C, without the need to re-estimate the
demand model.

Scenario comparisons become more decisive when viewed in the tail. Median total
demand (Mbit/s) rises from 750.5 (nominal) to 904.6 (high-adoption), 1180.3 (high-usage),
1304.4 (high-burst), and 2473.1 (compound). The same ordering holds at Qg 95, but with
larger separations; capacity-relevant demand increases from 2351.8 (nominal) to 2846.4
(high-adoption), 3728.2 (high-usage), 4098.8 (high-burst), and 7830.3 (compound). The
widening gap between the median and Q.95 underscores that scenario design affects not
only typical loading but also the risk profile that ultimately determines dimensioning.

This tail risk is overwhelmingly driven by AT, which accounts for nearly all aggregate
demand. The median AT share ranges from 97.8% (nominal) to 99.2% (compound), and
the P10-P90 ranges remain high across scenarios (94.0-99.1% in nominal up to 97.7-99.7%
in compound). By contrast, SM demand is small and relatively stable, with median totals
around 16-21 Mbit/s and only modest increases under high-usage and compound stress.
This concentration implies that both aggregate loading and capacity-relevant exceedance
risk are primarily governed by AT parameters—especially those controlling usage inten-
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sity and burstiness. The sensitivity results provide an independent confirmation of this
interpretation. Spearman screening (Section 3.6, Table 15) identifies AT payload size s 47 as
the strongest driver of variability in Dygy9, followed by AT burstiness by and message
rate 47 . This supports prioritizing AT payload/burst characterization when the planning
objective is driven by upper-tail risk and quantile-based dimensioning.

Among the single-axis stress tests, burstiness emerges as the more influential lever
for upper-tail outcomes. The high-burst (AT) scenario produces a higher Qg 95(D2029)
(4098.8 Mbit/s) than the high-usage scenario (3728.2 Mbit/s), even though both raise
median demand. This indicates that burstiness, captured through b4t ;), shapes the upper
tail more strongly than comparable shifts in typical usage, making it a dominant driver of
planning-year risk and a key focus for risk-based capacity planning.

In contrast, additional diffusion or model-form effects play a limited role at the 2029
design point under the current configuration. Across scenarios, Qo.95(D2029) differs by less
than 0.7% between the B2 baseline and the full configuration. This close alignment suggests
that, for the adopted GB configuration and the 2029 endpoint, scenario multipliers and
per-device usage uncertainty dominate the capacity-relevant tails, while added diffusion
uncertainty /model-form perturbations contribute only marginally to Qg 9s.

Finally, deterministic baselines help interpret the direction of change over time but
do not provide a risk metric for planning. The Bl nominal trajectory increases from
163.3 Mbit/s (2025) to 258.9 Mbit/s (2029), offering an intuitive reference for intermediate-
year growth. However, deterministic trajectories do not encode exceedance probabilities
or quantile margins, and, therefore, cannot substitute for the probabilistic planning-year
outputs used to set capacity under an explicit reliability target.

4.2. Interpretation Relative to the Working Hypotheses

The planning-year results indicate that capacity-relevant outcomes are driven by the
right tail of Dyppg rather than by central tendency. Across all scenarios, C = Q.95(Dagp9) lies
at approximately 3.1x the median, implying that designs anchored on median or mean-rate
summaries would systematically understate the headroom required under an exceedance
target (« = 0.05). The exceedance framing (¢029(C) = P(Dppp9 > C)), therefore, provides
decision-relevant information that is not recoverable from point forecasts alone.

Furthermore, the Monte Carlo decomposition shows that AT contributes nearly all
aggregate demand across regimes, with the median AT share ranging from 97.8% (nominal)
t0 99.2% (compound), and high shares are maintained across trials (P10-P90 ranges from
94.0-99.1% in nominal to 97.7-99.7% in compound). This concentration implies that the
planning-year exceedance probability and quantile capacity are structurally governed
by AT-related terms in Dy = YN, ¢acct5cbct, whereas the SM contribution remains
comparatively small and stable (median totals around 16-21 Mbit/s). Under the studied
configuration, refinements to SM assumptions are, therefore, expected to have limited
impact on aggregate tail risk unless accompanied by substantial changes in SM scale
or intensity.

Among single-axis stresses, the high-burst (AT) regime yields a higher Qg 95(D2029)
than the high-usage regime, despite both producing elevated medians. This ordering is
consistent with the multiplicative role of burstiness through b4, which amplifies high-
demand realizations more strongly than comparable shifts in typical usage. The compound
regime, combining multiple stresses, produces the largest separation at Qg g5, reinforcing
that tail risk is particularly sensitive to the joint interaction of adoption, usage intensity,
and burstiness.

Moreover, the scenario set generates coherent, interpretable separation across demand
distributions and the associated quantile capacities, providing a transparent mapping from
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plausible futures to exceedance-based risk outputs. Additional credibility was provided in
the analysis by both the adoption-stage hold-out checks and the dependence-robustness
test. Strong out-of-sample support was obtained for the SM adoption trajectories, whereas
the AT proxy yielded only limited plausibility support. In addition, when plausible positive
dependence was introduced among AT message rate, burstiness, and activity fraction, the
2029 upper tail shifted upward materially while the median changed only marginally.
This indicates that independence is useful as a baseline simplification, but it is somewhat
optimistic for tail-risk interpretation. In this framing, scenarios and robustness variants
function as policy-relevant stress levers that translate directly into capacity targets under a
specified reliability threshold.

Last, across scenarios, Qg.95(Dagp9) differs by less than 0.7% between the B2 baseline
and the full configuration, indicating that scenario multipliers and per-device usage uncer-
tainty are the principal contributors to the planning-year tail. This finding is endpoint- and
configuration-specific. It implies that, for 2029 dimensioning under the adopted priors and
perturbations, additional diffusion uncertainty /model-form effects contribute marginally
to Q.95 relative to the imposed scenario stresses and usage variability.

Taken together, the hypothesis assessments support a risk-based planning logic in
which exceedance targets define the relevant operating point, AT assumptions dominate
aggregate outcomes, and burstiness constitutes the most influential tail-shaping mechanism
among the examined single-axis stressors.

4.3. Comparison with Prior Studies

Prior work relevant to the present results spans three intersecting strands: diffusion-
based forecasting of technology adoption, uncertainty quantification and Monte Carlo
propagation for forecasting and engineering design, and traffic engineering for IoT /vertical
services, especially the role of burstiness and tail risk in capacity planning. The 2029
outcomes connect naturally to these strands, while also clarifying how the adopted scope
and reporting choices differ from common approaches in the literature.

S-curve diffusion models (and related variants) are widely used to represent adoption
trajectories when saturation effects and growth dynamics matter, and when explanatory
covariates are limited, unstable, or unavailable. The present results align with this tradition
insofar as adoption-oriented stress (high-adoption) lifts aggregate demand relative to
nominal, and—more importantly—interacts with usage and burstiness stresses to create
stronger separation in the planning-relevant tail. At the same time, the analysis is anchored
on an endpoint design decision rather than year-by-year distributional tracking. In this
endpoint setting, the near-equivalence between B2 and the full configuration at Q.95(D2029)
indicates that scenario multipliers and usage uncertainty dominate tail outcomes at the
horizon for the adopted configuration. This is compatible with diffusion studies that
emphasize identifiability challenges and model-form uncertainty earlier in a technology
lifecycle while suggesting a weaker influence on endpoint demand once saturation anchors
and scenario conditioning constrain the plausible adoption range [7-9,16].

A second body of related work comes from probabilistic forecasting in engineering and
operations, where Monte Carlo simulation is increasingly used to propagate parameter and
model uncertainty into decision-relevant quantities. The stable ratio between Qg 95(D2029)
and the median across scenarios reflects a typical property of multiplicative demand con-
structions; compounding uncertainty in scale, activity, and burstiness yields right-skewed
distributions in which tail quantiles substantially exceed central summaries. Relative to
studies that report prediction intervals around point forecasts, the exceedance and quantile
capacity framing used here is closer to reliability-based design. In particular, a directly
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expresses a tolerated shortfall probability, and C = Qj_,(Da29) converts probabilistic
demand into an explicit capacity requirement [11,12,14,15].

The results also match established findings in IoT traffic engineering, where hetero-
geneity across device types and applications is often pronounced and aggregate load can be
shaped by a small number of high-activity or highly synchronous sources. In such settings,
burstiness and correlation effects can generate heavy (or long) right tails, so peak behavior
becomes disproportionately important for planning. The scenario outcomes reflect this
mechanism clearly; among single-axis stresses, the high-burst regime produces a larger
Q0.95(D2p9) than high-usage, indicating that burstiness (through b( AT’t)) is an especially
influential driver of tail risk. This aligns with broader traffic engineering evidence that
peak-to-average behavior, synchronization, and protocol dynamics can dominate capacity
margins, even when average rates remain moderate. The dominance of AT, both in median
contribution and in trial-to-trial share, further mirrors the empirical observation that a
limited subset of service types can govern aggregate demand and its uncertainty [5,6,10].

Within communications and infrastructure planning, percentile-based targets, service-
level constraints, and exceedance metrics are commonly used to manage demand variabil-
ity and uncertainty. The use of C = Qg 95(Danp9) fits squarely within this tradition, with
« = 0.05 representing a tunable policy choice that encodes the desired risk posture. Com-
pared with deterministic busy-hour multipliers or single-value headroom factors, quantile-
based dimensioning provides an explicit, auditable link between the assumed uncertainties
and the resulting capacity requirement. Moreover, exceedance curves ¢oo9(C) give a
more informative view than any single percentile by showing how rapidly exceedance
probability declines as capacity is incrementally increased.

Two departures from much of the prior literature are particularly important for in-
terpreting the contribution. First, probabilistic reporting is concentrated on the design
year (2029), while intermediate years are presented primarily for context through baselines.
This differs from studies that provide full predictive distributions across all horizons, but
it matches planning processes that treat the end-of-horizon year as the principal dimen-
sioning milestone. Second, signaling load S; is not instantiated in the GB application.
While signaling is treated explicitly in parts of the IoT performance literature, the present
scope intentionally leaves S; to practitioners in order to keep the main analysis focused on
demand uncertainty and capacity risk.

Positioning Relative to Scenario-Based Optimization Frameworks

The present framework differs fundamentally from scenario-based mathematical opti-
mization approaches, such as mixed-integer linear and nonlinear programming models.
For example, in [31], a long-term stochastic scenario-based optimization model is formu-
lated with explicit decision variables, feasibility constraints, and an optimization objective
over a formally specified infrastructure design problem. Such frameworks can provide
solver-based optimality for the chosen objective and constraints, but they usually require a
much more fully specified design space, scenario set, and cost structure than are available
in early-stage or data-lean planning settings.

By contrast, the present study does not solve an infrastructure optimization problem.
Its purpose is to generate probabilistic demand distributions, exceedance curves, and
quantile-based planning rules under uncertain adoption and usage. In design terms, the
framework trades formal optimality for transparency, lighter data requirements, and easier
reproducibility because the assumptions enter through auditable diffusion fits, bounded
usage priors, scenario multipliers, and Monte Carlo sampling rather than through a large
solver-based model. With respect to scalability, the present workflow is also easier to deploy
when the immediate planning need is to quantify demand risk before a detailed optimiza-
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tion model becomes feasible. The two approaches should, therefore, be seen as complemen-
tary; the present framework provides a forecasting and risk-dimensioning layer that can
inform, but does not replace, a downstream MILP/MINLP network optimization stage.

4.4. Practical Implications for Operators and Regulators

The planning-year results translate into operationally meaningful implications because
the adopted risk outputs—exceedance probability and quantile capacity—map directly to
dimensioning decisions and governance choices. Taken together, the findings show that
aggregate IoT demand planning is fundamentally a tail management problem, and that the
highest-impact levers are those that shape AT intensity and burst behavior.

A key implication is that risk-based capacity targets make planning decisions ex-
plicit and auditable. Defining capacity as C = Qq_,(Dan9) operationalizes a service
objective in terms of an exceedance tolerance &, providing a transparent basis for internal
governance (for example, engineering approval thresholds) and external accountability
(including regulatory scrutiny of coverage and performance commitments). Exceedance
curves 029 (C) = P(Dyn9 > C) extend this transparency by supporting sensitivity analy-
sis around any proposed capacity level, enabling concrete assessments of how incremental
capacity reduces risk rather than relying on implicit headroom factors.

Because tail outcomes dominate, conservative dimensioning cannot be inferred from
median demand. The persistent gap between medians and Qg 95 across scenarios implies
that planning based on central tendency will materially under-provision when requirements
are expressed in exceedance terms. For operators, this motivates embedding percentile-
based targets in annual planning cycles and aligning investment gates with an explicitly
chosen «. For regulators, it suggests that evaluation criteria focused only on average traffic
or typical-day performance can overlook the conditions under which service objectives
fail—precisely the conditions that drive capacity sufficiency.

The results also indicate that AT-focused interventions offer the highest leverage
for reducing aggregate risk. Since AT contributes the overwhelming share of demand
across trials, mitigation options that change AT activity and burstiness should dominate
the planning toolkit. Practical examples include traffic shaping and policy control that
reduce effective burstiness (as reflected through b4r,)), admission control and prioriti-
zation for latency-critical or high-volume AT applications, and service-level agreements
with verticals that constrain peak behavior, synchronization, or reporting cadence. By
comparison, marginal refinements to SM assumptions are unlikely to shift aggregate tail
risk meaningfully under the studied configuration.

Scenario stress testing further supports robust planning when uncertainty is partly
structural rather than purely statistical. The mismatch between available proxy series and
the target AT class implies that uncertainty is also epistemic—stemming from imperfect ob-
servability and model structure. Scenario-conditioned planning addresses this by exploring
plausible adoption and intensity regimes rather than relying on a single calibrated forecast.
Within this logic, the compound scenario functions as an upper-stress envelope for con-
tingency planning, while the single-axis scenarios help attribute which levers—adoption,
usage, or burstiness—are responsible for increases in exceedance risk.

These conclusions also inform portfolio planning and the timing of upgrades. Con-
centrating full uncertainty propagation on the design year matches planning processes
that treat end-of-horizon requirements as the primary trigger for investment decisions.
Baseline trajectories for intermediate years remain useful for budgeting and scheduling
(for example, managing upgrade lead times and procurement staging), while the 2029
quantile capacity provides the sizing criterion that prevents deferring investment until tail
risk becomes operationally visible.
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At the policy level, a quantile-based framing supports clearer national coverage
objectives and more consistent capacity oversight. Separating the reliability target a from
the traffic forecast enables more coherent comparisons across regions and operators, since
differences in outcomes can be interpreted in light of an explicit risk posture. It also clarifies
that capacity sufficiency hinges on tail conditions shaped by vertical-specific behavior—
such as synchronized updates or event-driven reporting—which may motivate sector
coordination, best-practice guidance, or incentive schemes aimed at reducing extreme
burst patterns.

For practical reporting, expressing demand and capacity in mean-rate units (Mbit/s)
integrates cleanly with engineering workflows and avoids ambiguity around calendar-
month length, but traceability to the underlying bits/month demand should be preserved
for auditability and cross-study comparison. The adopted average-month conversion
(A = 2,629,800 s) provides a consistent translation between reporting forms without
changing the underlying demand definition.

Finally, the framework is transferable across regions and operators with limited
changes, provided local inputs are substituted in the demand identity. Reuse primar-
ily requires an appropriate proxy or scenario pathway for N, (via the class mapping
Nt) = A(cp) and locally defensible assumptions or priors for 4. ), 7(.+), and b ;) (with
s¢ specified consistently). Because outputs are risk-indexed, the reliability target « should
always be stated explicitly as a policy choice, enabling direct comparison of C; = Q1_,(D¢)
across operators, even when proxies and calibration choices differ.

[lustrative Mapping of Aggregate Mean-Rate Output to Engineering Planning

The reported Mbit/s values should be interpreted as aggregate planning outputs
rather than as direct cell-level capacity prescriptions. A minimal engineering mapping,
therefore, requires an additional, deployment-specific translation step. For illustration, if
the nominal 2029 quantile-based capacity is taken as Qg.95(D2p29) = 2351.8 Mbit/s and a
busy-hour scaling factor of xgyy = 2 is assumed, the corresponding busy-hour offered load
is approximately 4.70 Gbit/s. If that load is then distributed across 100 effective serving
cells, the implied average per-cell busy-hour offered load is approximately 47 Mbit/s before
any radio, scheduler, or control-plane modeling is applied.

This example is illustrative only. The actual mapping depends on deployment geome-
try, site density, sectorization, scheduler behavior, traffic synchronization, signaling /control-
plane constraints, and the operator’s engineering rules. Accordingly, the present framework
should be interpreted as providing an aggregate demand risk input to engineering dimen-
sioning rather than a complete cell-level design procedure.

4.5. Limitations and Threats to Validity

Several limitations bound how the reported demand distributions and quantile-based
capacities were interpreted and generalized. These limitations arise mainly from the way
adoption proxies are constructed, the level of aggregation at which demand is modeled,
constraints on external validation, and deliberate scoping choices made to keep probabilistic
reporting tractable and decision-facing.

A primary threat to validity is proxy mismatch and class mapping risk, especially for
the AT class. Although the model maps class population to adoption via N = A, and
evaluates demand through Dy = Y (N¢t acs et Sc b, the available proxy used to calibrate
AT may not reflect the full diversity of 5G AT applications. In particular, it may miss
heterogeneity in concurrency patterns, traffic shaping, and peak-to-average characteristics.
Because the upper tail of Dy is strongly influenced by burstiness b7 ; and usage variability,
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any proxy—class mismatch can bias not only expected levels but also tail behavior, which in
turn affects exceedance probabilities and quantile capacity estimates.

A second limitation concerns external validation of forecasting accuracy at the final
demand level. Independent out-of-sample 5G service traffic measurements were not
available, and, therefore, predictive accuracy for aggregate demand is not claimed in
the conventional end-to-end statistical sense. At the same time, the GB application does
include a meaningful empirical hold-out check based on actual observed proxy data for the
adoption stage of the framework. Strong out-of-sample support was obtained for the smart
meter proxy trajectories, whereas only a limited plausibility check was possible for the
AT /M2M proxy because the annual series is short and serves only as an AT scale anchor
rather than as a direct AT measurement. Consequently, the empirical evidence should be
interpreted as support for the stability and realism of the observable adoption layer rather
than as full validation of the final demand distribution. This still materially strengthens
the case study relative to a purely scenario-based exercise, but continued caution remains
necessary when interpreting the AT adoption pathway and the tail-risk results that depend
on it.

Relatedly, the framework operates at an aggregate planning level. Demand is reported
as a mean-rate equivalent in Mbit/s (with bits/month retained as a traceable reference),
which is appropriate for high-level capacity planning and risk framing. However, this
abstraction does not capture cell-level scheduling dynamics, spatial heterogeneity, or
interference-limited behavior in the radio access network. Consequently, the quantile
capacity C = Qp.95(D2n29) should be interpreted as an aggregate planning requirement
rather than a direct prescription for site- or cell-level engineering.

The probabilistic reporting is also shaped by an endpoint planning-year focus. Full
Monte Carlo uncertainty propagation is presented for the planning year (2029), while
intermediate years are contextualized through baselines. This design matches common
endpoint-driven planning, but it limits insight into how uncertainty evolves across the
horizon and whether earlier-year tails exhibit different sensitivities or driver rankings.
Accordingly, the observation that the baseline configuration and the full configuration
are near-equivalent at Q o5(D229) is specific to the endpoint emphasis and the adopted
perturbation structure; it should not be assumed to hold uniformly for intermediate years
or alternative uncertainty specifications.

Beyond reporting choices, the model includes deliberate simplifications and omitted
mechanisms. The demand construction is multiplicative and intentionally parsimonious,
which improves interpretability and auditability but omits many operational mechanisms
that can matter in practice, such as episodic event effects, protocol-driven synchronization,
and richer forms of dependence across traffic drivers. This issue was examined through
a limited robustness test in which positive dependence was introduced among the AT
message rate, burst factor, and activity fraction. That test showed a material upward shift
in Q0.95 and Q0.99, even though the median changed little. Accordingly, independence
should be interpreted as a simplifying baseline rather than as a fully neutral assumption
for tail-risk planning. Moreover, the signaling proxy is defined conceptually but not
instantiated in the GB application and is left to practitioners. This limits what can be
concluded about control-plane load and its coupling to data-plane burstiness in the present
case study. Additionally, busy-hour conversion is represented with a scalar uplift applied
to the monthly mean-rate equivalent. This is a simplification; many IoT applications exhibit
clock-driven synchronization (e.g., scheduled reporting windows) that can create short,
intense bursts that are not well captured by a single scalar. The scenario matrix partially
mitigates this via burst/duty stress (especially for AT), but deployment studies should
validate busy-hour behavior against service-specific telemetry when available.
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There are also reporting conventions and conversion assumptions that should be
acknowledged. The conversion from bits/month to Mbit/s relies on an average-month
convention (A = 2,629,800 s). While this improves comparability across months, real
calendar variation can introduce small differences in mean-rate interpretation when com-
paring reported values to measurements computed over specific months. This is unlikely
to change scenario ordering or the qualitative finding that tail risk is dominated by AT
usage and burst behavior, but it may matter for precise benchmarking. Also, some sup-
porting analyses are deferred. Busy-hour scaling and the expected exceedance metric
E[max(0, Dy — C)] are left for supplementary work. As a result, the main text emphasizes
exceedance probability and quantile capacity as the primary decision outputs rather than
operationally specific peak-hour engineering margins or cost-of-shortfall interpretations.

4.6. Future Research

Several extensions could increase the practical fidelity of the framework while pre-
serving the interpretability of the demand identity Dy = 3} cN(cs) 4(cr) T(ct) Sc b(cr) and the
core risk outputs ¢:(C) = P(D; > C) and C; = Qq_,(Dy). Broadly, these directions focus
on improving measurement and proxies, strengthening the operational mapping from
aggregate demand to engineering dimensioning, and enriching how risk is characterized
and communicated.

A first priority is improved AT representation and proxy development. Given AT’s
dominant contribution to both the level of demand and the upper-tail risk, targeted work
on better AT proxies and calibration sources would likely yield the largest gains. Future
studies could combine multiple indicators—such as vertical subscription records, device
inventories, enterprise contracts, slice-level counters, and application-layer telemetry where
available—to reduce structural mismatch between proxies and the target AT class. In
parallel, explicitly modeling heterogeneity within AT by segmenting it into sub-classes
with distinct a(. 5), 7 s) and b, ;) would improve tail realism without changing the overall
demand identity.

A second extension is explicit signaling load modeling (S;). While S; is left to practition-
ers in the current application, incorporating a signaling proxy into the same probabilistic
pipeline would allow joint assessment of user-plane and control-plane stress. This is partic-
ularly relevant in IoT deployments where attach, paging, and periodic reporting behaviors
can generate disproportionate control-plane load relative to user-plane throughput. A
practical research direction is to define S; in a way that aligns with available counters and
then quantify how signaling depends on burstiness and synchronization mechanisms.

Busy-hour scaling can also be brought into the main risk layer to better align outputs
with standard engineering KPIs. In the current framing, busy-hour factors are treated as
supporting analysis; integrating them directly would enable busy-hour exceedance curves
and busy-hour quantile capacities. One approach is to model the busy-hour factor as an
uncertain multiplier—potentially class- and scenario-dependent—and propagate it jointly
with Dy, maintaining traceability back to the monthly definition while producing results in
the terms most commonly used for dimensioning.

Beyond probability-of-exceedance and quantile capacity, future reporting could in-
clude expected exceedance and cost-of-shortfall interpretations. Extending the outputs
to E[max(0, Dy — C)] would provide an operationally meaningful measure of how much
demand is expected to exceed a proposed capacity level, which supports economic inter-
pretation (for example, expected unmet demand) and cost-aware optimization of « and
investment timing. This is especially helpful when stakeholders need to trade capital expen-
diture against quantified shortfall risk rather than relying on a single reliability threshold.
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Temporal structure and seasonality are another area for extension when justified by
evidence. The current scope uses a monthly resolution with an average-month conversion
and does not add seasonal dynamics. Where local measurements show strong seasonality
or event-driven bursts, future work could incorporate seasonal structure into N, ;) or into

the intensity terms (a(clt), Tet) b(c/t)) while preserving monthly accounting for D;. The
key is to avoid over-parameterization when historical data are limited, so any additional
structure should be supported by clear empirical signals.

Relatedly, correlation and synchronization effects across devices could be made ex-
plicit. The multiplicative construction captures variability through distributions on the
component terms, but it does not directly represent cross-device dependence or synchro-
nized behavior such as firmware updates, alarms, or market-wide events. Introducing
correlated shocks—via copula-based dependence structures or scenario-defined common
factors—would likely improve tail realism and strengthen the link between operational
events and exceedance risk.

An important practical step is mapping aggregate demand to RAN and transport di-
mensioning. The aggregate output C; is not, by itself, a cell-level prescription. Future work
can connect Dy and ¢;(C) to spatial models that allocate demand across sites, incorporate
coverage and interference constraints, and translate mean-rate equivalents into schedulable
resources under realistic traffic assumptions. This would allow uncertainty to propagate
consistently from adoption and usage assumptions to engineering outcomes such as site
upgrades, spectrum requirements, and backhaul provisioning.

Finally, governance can be strengthened through multi-a reporting. Although a = 0.05
is the primary design choice here, reporting a small set of a values (for example, policy-
relevant percentiles) would better support processes that distinguish baseline service
objectives from contingency planning. The exceedance curve view naturally enables this:
decision-makers can read risk at multiple capacity points without changing the underlying
simulation or re-estimating the model.

5. Conclusions

A probabilistic diffusion-to-dimensioning workflow was proposed for medium-term
5G/NB-IoT planning under simultaneous uncertainty in adoption and per-device behavior.
The framework was designed to convert uncertain diffusion and usage assumptions into
predictive demand distributions, exceedance curves, and quantile-based capacity rules,
rather than into deterministic point forecasts or optimization-based infrastructure decisions.

In the GB application, the 2029 quantile-based capacity at « = 0.05 ranged from
2351.8 Mbit/s under the nominal regime to 7830.3 Mbit/s under the compound regime,
while the required quantile capacity remained approximately 3.1 times the median de-
mand across scenarios. This indicates that design-year capacity is governed by upper-tail
conditions rather than by central tendency. The supporting analyses further clarified the
source of this tail risk. A £30% perturbation of the AT adoption anchor changed Qg g5 by
approximately £29.8%, whereas stressed AT usage increased Qg5 by 74.4%. Plausible
positive dependence among key AT operational inputs increased Qg 95 by 18.3-22.5%, while
interpolation of the quarterly and annual adoption paths did not materially change the
planning-year summaries. In addition, the difference between the B2 baseline and the
full configuration remained below 0.7% at Qg 95, indicating that planning-year tails were
driven primarily by scenario multipliers and per-device usage uncertainty rather than by
additional diffusion perturbations under the adopted configuration.

The evidence also strengthened the empirical grounding of the framework, although
asymmetrically across classes and stages. Strong out-of-sample support was obtained for
the smart meter adoption stage using actual hold-out observations, whereas the AT/M2M
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proxy provided plausibility support only, which is consistent with the shorter annual
history and the broader scope of the proxy relative to the AT class. Accordingly, the
upper-tail dominance of AT should be interpreted primarily as a usage-driven finding,
with a material but smaller contribution from proxy-scale uncertainty, and with empirical
support that is stronger for the observable adoption layer than for the final aggregate
demand output.

Two practical implications follow. First, medium-term 5G IoT planning should be
based on exceedance curves and percentile-based capacity targets rather than on deter-
ministic point sizing because average or median demand materially understates required
headroom. Second, uncertainty reduction efforts should be focused on AT usage characteri-
zation, especially payload, burst behavior, and message intensity, since these inputs exert
the strongest influence on capacity-relevant outcomes.

The framework should also be interpreted within its scope. It provides an aggregate
forecasting and risk-dimensioning tool for data-lean planning settings; it is not a cell-level
engineering model, and it is not a scenario-based MILP/MINLP optimization frame-
work. Future work should, therefore, extend the present demand-risk layer toward richer
empirical telemetry, spatial allocation, signaling-aware dimensioning, and downstream
optimization models that translate aggregate risk outputs into network design decisions.
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3GPP Third Generation Partnership Project
5G Fifth Generation (Mobile Networks)
AIC Akaike Information Criterion

AT Asset Tracking

CloT Cellular Internet of Things

CVaR Conditional Value-at-Risk

DESNZ Department of Energy Security and Net Zero
GB Great Britain

IoT Internet of Things

ITU International Telecommunication Union
KPI Key Performance Indicator

M2M Machine to Machine
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mMTC Massive Machine-Type Communications
NB-IoT NarrowBand Internet of Things
RAN Radio Access Network
SM Smart Metering
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