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(" Abstract )

Demand forecasting in service operations is usually built and judged as a cost-efficiency tool, something that trims
overstaffing and improves utilization. That framing breaks down once forecasting sits inside emergency response, crisis
and mental health support, or regulated public-sector services, where capacity cannot flex freely and the cost of a missed
forecast is not symmetric with the cost of an overcautious one. This article makes the case that forecasting in these
environments needs to be treated as a reliability mechanism rather than an efficiency instrument. It works through why
static, equally weighted forecasting approaches break down under this kind of volatility, why forecast error behaves as an
asymmetric operational risk rather than a single statistical loss, and what a forecasting system would need to look like,
including adaptive model selection, ensemble forecasting as a default rather than an add-on, recency-weighted historical
data, and explainable, closed-loop recalibration, to function as a genuine reliability control for mission-critical service
operations.
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— A

l. Introduction

Every staffing plan starts with a forecast. Across most commercial service operations, that forecast is judged
almost entirely on one axis: does it keep labor cost down while holding service levels roughly where they need
to be [1]. Petropoulos et al.'s survey of forecasting theory and practice reflects just how deeply this efficiency
framing runs through applied forecasting research generally [2]. The framing holds up reasonably well in
stable, low-volatility commercial settings. It holds up far less well once forecasting is embedded inside
emergency response, crisis and mental-health helplines, or regulated public-sector service delivery.

In those settings, a forecastis notan input to a cost-optimization exercise; it is the thing that determines staffing
levels, skill mix, and escalation readiness days or weeks before anyone knows what demand will actually look
like. Once that staffing decision is locked in, it mostly cannot be undone [1], [3]. So a forecasting miss does not
stay contained as a planning inconvenience; it becomes a wait time, a delayed contact, or in the more acute
cases, a delay in reaching someone during a moment that matters. A retailer that misses its forecast absorbs
the miss through a longer line or a lost sale. A crisis helpline or an ambulance dispatch service absorbs the same
category of miss very differently [4], [5].

Other fields that manage volatile demand under firm capacity constraints have already worked through a
version of this problem. Electrical grid operators, air traffic control systems, and industrial process-control
systems all treat forecasting and prediction as inputs to a reliability posture rather than as a pure accuracy
contest, because the cost of being wrong is not evenly distributed across error directions and because
correcting course mid-operation is expensive or impossible. Reliability engineering, as codified in standards
such as IEEE 1633, formalizes this posture for software and automated systems generally: traceability,
auditability, and graceful degradation under uncertainty take precedence over headline accuracy metrics [6].
Service forecasting in high-stakes environments has not, on the whole, adopted this posture, even though the
underlying conditions, irreversible commitments made under uncertainty with unevenly distributed
consequences, are structurally the same.
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Part of the reason is organizational rather than technical. Forecasting functions in service operations have
historically reported into workforce-planning or finance groups whose mandate is cost control, while reliability
engineering as a discipline has historically lived inside product, safety, or infrastructure engineering groups
with a mandate to prevent failure. The two disciplines rarely share a reporting line, a vocabulary, or a set of
design reviews, even inside the same organization, which means the reliability posture available in one part of
the business is often simply unavailable to the forecasting function sitting in another part of it. That
organizational separation, more than any technical obstacle, is a large part of why forecasting in high-stakes
service operations has lagged behind the reliability practices already common in adjacent engineering
disciplines.

The argument this article makes is that service forecasting in these environments deserves to be treated as a
reliability mechanism, a system-level control that lets operations absorb demand volatility without losing
continuity of service, rather than as a secondary planning convenience judged mainly on statistical accuracy.
That does not mean accuracy stops mattering. It means accuracy gets subordinated to a broader set of
requirements, the same way reliability engineering already subordinates raw performance to auditability and
fault tolerance in other safety-relevant systems [6]. Three contributions follow from that reframing:

¢ identifying where forecasting methods built for stable, low-volatility demand break down once they are
carried, largely unchanged, into high-stakes and regulated service settings;

e treating forecast error in these settings as an asymmetric operational risk, where under- and over-
forecasting produce genuinely different consequences rather than mirror-image versions of the same
error; and

 proposing a set of design principles, adaptive model selection, mandatory ensemble forecasting, weighted
historical indexing, anomaly-aware smoothing, external-signal integration, and explainable closed-loop
recalibration, meant to function together as a reliability standard for mission-critical service forecasting.

The remainder of the article is organized as follows. Section Il reviews the efficiency-oriented tradition in
workforce and capacity-planning literature and the structural limitations that surface once that tradition meets
volatile, high-stakes demand. Section III states the article's analytical approach and boundary conditions.
Section IV develops the core reframing, treating forecast error as asymmetric risk and deriving the capabilities
and design principles a reliability-oriented forecasting system requires. Section V examines industry-specific
implications and governance considerations across emergency, crisis-support, and regulated public-sector
domains. Section VI states the article's limitations and directions for future empirical work, and Section VII
concludes.

Il. Related Work: The Conceptual Gap Between Efficiency-Oriented and
Reliability-Oriented Forecasting

A. Forecasting in Workforce and Capacity-Planning Literature

Most of what service-operations research says about demand forecasting traces back to queueing-based
staffing theory, where a forecast simply feeds a model that calculates how many agents or responders are
needed to hit a target service level [1], [3]. Gans, Koole, and Mandelbaum's tutorial on this literature, later
extended by Aksin, Armony, and Mehrotra's multi-disciplinary review of call-center operations, treats forecast
accuracy as one input among several to an optimization problem whose objective is cost, utilization, or service-
level attainment under a fixed budget [1], [3]. Erlang-based staffing formulas, and their many descendants, take
a point forecast largely as given and optimize everything downstream of it; the forecast itself is rarely the object
of design scrutiny in this tradition, because in a commercial call center a forecast that misses by a moderate
margin produces a service-level dip that is unpleasant but recoverable within days.

Efficiency sits underneath the whole exercise as the unstated organizing value: a "better" forecast, in this
tradition, is simply one that trims unnecessary labor costs without letting service levels slip. More recently,
artificial intelligence methods have been applied directly to call center arrivals forecasting, extending this
tradition with data-driven prediction rather than replacing its underlying objective; Albrecht, Rausch, and
Derra's practical treatment of Al-based call center arrival forecasting illustrates how machine learning methods
are typically introduced to improve the accuracy of an existing efficiency-oriented planning pipeline, rather
than to change what the forecast is being optimized for [7]. That distinction, between improving accuracy
within an efficiency objective and changing the objective itself, is central to the argument developed in Section
IV.
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B. Structural Limitations of Static, Uniformly Weighted Forecasting

A separate, older strand of forecasting research already established something inconvenient for the efficiency
tradition: no single forecasting method wins consistently. Makridakis and Hibon's M3-Competition ran
thousands of real-time series through competing methods and found that simpler models and combinations
routinely beat more sophisticated individual techniques, and that which method won depended heavily on the
data-generating process underneath [8]. The competition's central lesson was not that any particular technique
was superior, but that method performance is conditional on the structure of the underlying demand, a
conclusion that sits uneasily with forecasting systems that lock in a single method at design time and leave it
in place indefinitely. Bates and Granger had formalized the underlying logic decades earlier: pooling several
forecasts reduces variance relative to betting on any one model, because different models make different,
partially independent errors [9].

And yet plenty of operational forecasting systems still run a single, statically calibrated method across an entire
planning horizon, weighting every historical observation the same regardless of age or continued relevance.
Winters' exponential-smoothing method, still a workhorse in practice, does build in some recency bias through
its smoothing parameter, but most implementations never let that weighting adapt on its own when volatility
spikes or the underlying regime shifts [10]. The gap this leaves is not a matter of the mathematics being
unavailable; combination and adaptive-weighting techniques have existed in the literature for decades. The
gap is that forecasting systems in high-stakes service operations have generally not been engineered to use
them as a structural default, because the efficiency framing that dominates the literature does not treat method
fragility itself as a first-order design concern.

This omission is understandable given how the field's evaluation conventions developed. Forecasting
competitions and much of the applied literature they influenced were built to compare methods on average
error across large collections of series, which is a sensible way to advance the science of forecasting but a poor
proxy for how a single operational system should be judged when it is deployed against one specific, volatile,
high-consequence demand stream. A method that wins on average across thousands of series in a competition
setting is not thereby guaranteed to be the right method, used alone, for a single emergency-dispatch center's
call volume next month; the competition result says something true about methods in general and very little
about fragility in the one specific deployment that matters to that dispatch center.

C. Multidimensional Drivers of Demand Volatility in High-Stakes Environments

Demand volatility in these environments rarely traces back to one cause. Historical patterns supply seasonality
and cyclical rhythm, but those patterns drift: policy changes, shifting population needs, and evolving help-
seeking behavior all quietly erode the relevance of older baselines, a dynamic de Boer et al. document directly
in mental health helpline demand [4]. A helpline that expands its operating hours and adds a text or chat
channel, with mental health as the subject of a public awareness campaign, can see its demand baseline shift
within weeks, long before enough new historical data accumulates to describe the new baseline reliably.
Recent demand carries outsized weight precisely because an emerging surge has to be caught and weighted
before enough history accumulates to reflect it properly. External shocks compound the problem: public health
events, infrastructure failures, and policy announcements can move service volume abruptly, and Vinci et al.'s
interrupted time-series analysis of COVID-era emergency medical calls in Lazio shows exactly how a static,
evenly weighted model fails to track that kind of shock [11]. Operational feedback loops add another layer of
complexity on top of external shocks. A staffing change intended to reduce wait times can itself change reported
demand, because shorter queues change abandonment rates and therefore the recorded contact volume; a
public communication campaign encouraging people to seek help can produce a demand increase that looks,
in the data, indistinguishable from an underlying rise in need until it is examined more closely. None of this is
incidental. It is structural, and a forecasting system that does not account for it will be most fragile exactly
where fragility is least acceptable.

lll. Analytical Approach

This is a conceptual and analytical article, not an empirical study. It draws together forecasting theory, service-
operations research, and documented experience designing and deploying Al-driven forecasting systems for
enterprise service environments, and from that synthesis builds a reference framework for reliability-oriented
forecasting. The synthesis approach was chosen deliberately: many of the specific accuracy figures and
deployment outcomes associated with production forecasting systems in this space are internal to the
organizations that operate them and are not independently publishable, which makes a framework-level
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contribution, one that organizes existing peer-reviewed evidence into a design standard, more defensible than
a claim to have measured a specific new empirical result.

Three moves structure the analysis. First, forecast error in high-stakes environments gets reframed as an
asymmetric operational risk rather than a symmetric statistical loss, drawing on forecasting and operations-
research literature that already treats error asymmetry formally in adjacent domains. Second, the system-level
capabilities needed to manage that asymmetric risk under structural volatility are derived from that reframing,
grounded in forecast-combination theory, adaptive time-series learning, and explainable-Al research. Third,
those capabilities are translated into design principles meant to travel across emergency-response, crisis-
support, and regulated public-sector contexts without being tied to any single vendor's implementation.

The framework's scope is bounded deliberately. Its claims apply to service environments in which staffing
decisions are made ahead of realized demand and cannot be substantially corrected once operations begin, a
condition that holds for emergency dispatch, crisis and mental-health helplines and most regulated public-
sector service delivery but does not hold uniformly for every service context. Environments where capacity can
be added or shed within the same operating period, through flexible staffing pools or on-demand contracting,
face a different and less acute version of the forecasting problem, and the framework's principles, while not
harmful in that context, are not designed specifically for it. Section VI returns to these boundary conditions in
more detail.

One further methodological note is worth stating explicitly. Building a design framework from existing
literature rather than from a single new dataset means the framework's claims are validated by the
convergence of independent sources across adjacent domains, electric-load forecasting, emergency medicine,
software reliability, and explainable Al, rather than by a single controlled experiment. This is a legitimate and
common mode of contribution in applied computer science, particularly when the object of study is a system-
design standard rather than a predictive model, but it does mean the framework's individual claims carry the
evidentiary weight of their respective source literatures rather than a unified empirical test of the framework
as a whole. Section VI treats this explicitly as a limitation rather than leaving it implicit.

IV. Reframing Forecasting as a Reliability Mechanism

TABLE I: EFFICIENCY-ORIENTED VERSUS RELIABILITY-ORIENTED FORECASTING DESIGN

Design Dimension

Design objective

Error evaluation

Model strategy

Historical weighting

Governance

Efficiency-Oriented Approach

Minimize average labor cost and
overstaffing

Average accuracy across the planning
horizon

Single calibrated model, selected
once

Uniform weighting of historical
observations

Not typically a formal design
requirement

Reliability-Oriented Approach

Preserve service continuity under
volatile, asymmetric-risk demand

Directional evaluation of under- vs.
over-forecasting consequences

Mandatory ensemble, continuously
re-weighted

Recency-weighted, dynamically
adjusted indexing

Explainability and closed-loop
recalibration built in

Table I. Comparison of design objectives, evaluation criteria, and governance expectations between
conventional efficiency-oriented forecasting and the reliability-oriented approach proposed in this article.
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A. Forecast Error as Asymmetric Operational Risk

Direction matters. Under-forecasting leaves an operation short-staffed, degrades availability, and delays
response, and because the staffing decision was locked in before demand arrived, there is usually no fixing it
once things are underway. In a crisis or emergency setting, that can mean a delayed human response during a
moment when timing is the whole point [5], [12]. Over-forecasting causes a different kind of damage:
inefficiency, budget strain, workforce fatigue, and in publicly funded or regulated settings, the kind of persistent
overstaffing that invites scrutiny rather than praise.

Wau et al.'s work on asymmetric-loss forecasting for electric load, a domain that shares the same reliability-
under-volatility structure as high-stakes service operations, shows that models trained under a symmetric loss
function misallocate resources systematically once the true cost of error actually has a direction [13]. A
symmetric loss function treats a forecast that is ten percent too low and one that is ten percent too high as
equally bad, which is a reasonable simplification when the two errors really do cost the same but becomes
actively misleading once one direction of error carries a categorically different consequence than the other. Hu,
Chan, and Dong reach much the same conclusion studying emergency-department nurse staffing: prediction-
driven staffing that treats surge risk explicitly beats static staffing rules precisely because it stops treating
under- and over-provision as two versions of the same mistake [14]. That asymmetry is why average accuracy,
on its own, is not a sufficient design target here; a forecasting system can report an attractive average error
rate while still systematically under-provisioning during exactly the surge periods that matter most, ifits errors
are not evaluated with direction in mind.

A simple illustration makes the point concrete. Consider a forecasting system that is, on average, highly
accurate across a full year of operation but whose errors are not evenly distributed across conditions: it slightly
overforecasts during calm, predictable weeks and meaningfully underforecasts during the small number of
weeks when demand spikes sharply. Averaged across the year, the error statistics look acceptable, and a purely
accuracy-driven evaluation would rate the system well. Evaluated by consequence rather than by average, the
picture changes: the calm-week over-forecasting produces mild, recoverable inefficiency, while the spike-week
under-forecasting produces exactly the staffing shortfall that a reliability-oriented design is meant to prevent,
concentrated precisely in the periods where the service can least absorb it. A design target built around average
accuracy cannot see this distinction; a design target built around asymmetric operational risk can, because it
evaluates error by when and how it occurs rather than only by how large it is.

TABLE II: CONSEQUENCES OF FORECAST ERROR BY DIRECTION IN HIGH-STAKES ENVIRONMENTS

Immediate Operational

Downstream Risk
Consequence

Error Direction

Delayed human response during
periods of elevated risk; cannot be
corrected once operations begin

Insufficient staffing; degraded

Under-forecasting availability

Institutional scrutiny and eroded
accountability in publicly funded or
regulated settings

Idle capacity; budgetary strain;

Over-forecasting workforce fatigue

Table II. Under-forecasting and over-forecasting produce qualitatively different, non-substitutable
consequences in high-stakes service environments [13], [14].

B. Capabilities Required for Reliability-Oriented Forecasting

Managing asymmetric risk under this kind of volatility takes several capabilities that most conventional
forecasting practice treats as nice-to-have refinements. This article treats them as non-negotiable.

Ensemble forecasting comes first. Since no single method wins consistently across the conditions a high-stakes
environment throws at it, a result Makridakis and Hibon established empirically and Bates and Granger
formalized theoretically, leaning on one model builds in a single point of failure, and the failure mode here
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carries asymmetric consequences [8], [9]. Wang et al.'s review of five decades of forecast-combination research
finds that combining models consistently cuts forecast variance compared to any individual constituent,
especially once conditions stop being stationary [15]. When demand is calm, ensemble weight can settle toward
whichever model is performing best; when volatility rises or the models start disagreeing with each other, the
weighting redistributes, which is exactly when a single-model system would otherwise be most exposed. The
practical effect is that the system degrades gradually under stress rather than failing sharply, which is the same
property reliability engineers look for in any redundant system.

This is worth stating plainly because it runs against a common intuition in forecasting practice, which is that
the goal of model development is to find the single best model for a given series and then deploy it. That
intuition holds reasonably well when the underlying demand process is stable enough that "best" is a stable
property rather than a moving target. Section II-C already established that high-stakes service demand is rarely
stable in this sense, which means the search for a single best model is, in these environments, a search for
something that does not durably exist. Ensembling sidesteps the search entirely by keeping several candidate
models in play and letting their relative weighting track which one is currently performing best, rather than
committing in advance to an answer that the environment is likely to invalidate.

Weighted historical indexing comes second. Instead of treating every past observation as equally informative,
the quiet assumption baked into most static forecasting setups, a reliability-oriented system leans harder on
recent data and progressively discounts older data that may no longer describe current conditions. Winters'
exponential smoothing supplies the mathematical scaffolding for this, though the weighting has to move
dynamically rather than sit fixed, responding to the kind of regime shifts de Boer et al. and Vinci et al. both
document [10], [4], [11]. A fixed smoothing parameter chosen once at design time cannot do this; it treats the
demand environment as though its statistical properties are constant, which Section II-C already established is
not a safe assumption in these settings.

The practical consequence of getting this wrong runs in both directions. Weighting too heavily toward distant
history leaves a system slow to recognize a genuine shift, such as a helpline's demand baseline moving upward
after an awareness campaign, and slow recognition reproduces the same under-forecasting risk described in
Section IV-A. Weighting too heavily toward the most recent data, without any floor on how far the weighting
can shift, leaves a system prone to chasing short-term noise as though it were a lasting trend, which produces
unstable staffing plans that whipsaw from one planning cycle to the next. A reliability-oriented system needs
the weighting itself to be a governed, monitored parameter rather than a fixed constant set once and forgotten.
Smoothing and anomaly-aware handling come third. A one-off spike and a genuine demand shift look similar
at first and need to be told apart, or the system either overreacts to noise or, the opposite failure, folds a real
regime change into a smoothed baseline that then quietly understates ongoing demand. Rozanec's, Fortuna's,
and Mladenic's work on lumpy and intermittent demand shows conventional methods mishandling exactly this
pattern, which is the case for building anomaly-contextualization directly into the system rather than
smoothing everything the same way [16]. In practice this means the system needs a mechanism for asking, each
time an unusual value appears, whether the surrounding context, an external event, a policy change, or a known
seasonal driver explains it, rather than simply averaging it away or overreacting to it in isolation.

External and contextual signal integration comes fourth. Weather events, policy announcements, and
infrastructure incidents routinely show up before the interaction data does. Treated as first-class forecasting
inputs rather than unexplained noise discovered after the fact, they function as genuine leading indicators, and
their absence from a forecasting system's inputs is one of the more common reasons a system is caught off
guard by a shock that, in hindsight, was visible in advance from outside the interaction data itself. A public-
sector benefits agency that ingests a scheduled policy-eligibility change as a forecasting input can anticipate
the resulting demand increase before it appears in call volume; an agency that relies solely on historical
interaction data discovers the same increase only after it has already begun to strain staffing.
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Fig. 1. Asymmetric operational risk profile of forecast error: under- and over-forecasting branch into
qualitatively different, non-substitutable consequences rather than mirroring a single symmetric loss.

C. Design Principles for Forecasting Systems in High-Stakes Environments

Turning these four capabilities into something implementable takes a few more commitments. Model selection
needs to be adaptive by design, not a calibration step performed once and left alone; the system should be
continuously reading trend stability, volatility, seasonal strength, and anomaly frequency off incoming data and
adjusting which forecasting approaches get weight accordingly, in the spirit of Du et al.'s adaptive learning
approach for time series under distributional shift [17]. Ensembling belongs in the default operating mode, not
filed under optional refinement, for the single-point-of-failure reasons already laid out. Historical weighting
needs to be applied systematically rather than improvised, and anomaly handling needs to be explicit and
governed rather than left to whatever a model happens to do by default.

Explainability and closed-loop recalibration belong on every forecast the system produces, not just the highest-
stakes ones. Ribeiro, Singh, and Guestrin's explainable-Al framework showed years ago that predictions can be
made interpretable without giving up predictive performance, and Bolstad et al.'s application of explainable Al
to day-ahead load forecasting shows that this works inside a forecasting pipeline itself rather than as a bolt-on
analysis step [18], [19]. In a staffing-critical setting, a forecast nobody can explain is a forecast a supervisor
cannot fully trust, cannot confidently override, and cannot defend as the basis for an accountable staffing call.
Reliability-engineering standards for software already treat traceability and auditability as a precondition for
trust, not a feature added once the system is already running [6]. Closed-loop recalibration, feeding what
actually happened back into how the model weights things, closes the remaining gap between how a system
was designed and how demand actually behaves in the specific environment where it operates.

Taken together, these principles describe a forecasting system that behaves less like a single predictive model
and more like a small governed portfolio of models, continuously re-weighted against incoming evidence, with
its reasoning exposed rather than hidden. That shift in posture, from a model that is occasionally retrained to
a system that is continuously governed, is the practical content of treating forecasting as a reliability
mechanism rather than a periodic planning exercise.

The order in which these principles are typically adopted matters in practice, even though the framework treats
them as jointly necessary. Organizations moving from a static, single-model system toward this standard tend
to find ensemble forecasting the least disruptive starting point, since it can often be layered onto an existing
forecasting pipeline without redesigning how staffing decisions consume the forecast. Weighted historical
indexing and anomaly-aware smoothing typically follow, since they refine the same underlying forecast rather
than changing how it is produced. Explainability and closed-loop recalibration tend to arrive last in practice,
not because they matter least, but because they require the organizational governance structures described in
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Section V-B to already exist, and building that governance capacity is frequently the slower-moving part of the
transition.

A further consideration is how these capabilities interact rather than simply co-exist. Ensemble weighting and
weighted historical indexing are not independent knobs; a system that re-weights its constituent models while
also re-weighting how much recent versus historical data each of those models sees is, in effect, adjusting two
related parameters at once, and the two need to be tuned with awareness of each other rather than in isolation.
Anomaly-aware smoothing interacts with both, since a spike that the smoothing layer misclassifies as noise
will also distort which constituent model the ensemble favors immediately afterward, and a spike correctly
identified as a genuine shift should trigger faster adaptation in the historical weighting rather than being
treated as a one-off event to be absorbed and forgotten. Designing these four capabilities as a single coordinated
subsystem, rather than as four independent features bolted onto an existing forecasting pipeline, is what
separates a reliability-oriented forecasting system from a conventional system that has simply had some
reliability-adjacent features added to it.

None of these principles requires discarding the efficiency objectives that dominate conventional forecasting
practice. A reliability-oriented system can still be evaluated on cost and utilization; it simply refuses to let cost
and utilization be the only lens through which its performance is judged, and it insists that the direction and
timing of its errors be visible alongside their magnitude. That refusal is a design choice with organizational
implications, since it requires forecasting teams and the supervisors who act on their output to accept a
somewhat more complex evaluation standard than a single accuracy number, in exchange for a system that is
harder to blindside during exactly the periods when being blindsided is least acceptable.
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Fig. 2. Reference architecture for a reliability-oriented forecasting system, from data ingestion
through explainable output to governed staffing decisions and closed-loop recalibration.
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V. Critical Discussion: Industry-Specific Implications and Governance

A. Implications Across Emergency, Crisis-Support, and Regulated Public-Sector Domains

This reframing has teeth once it meets specific domains. In emergency medical response, ambulance and
emergency-call demand is more volatile than static forecasting tends to admit; Martin, Mousavi, and Saydam's
spatiotemporal machine-learning approach and Monks et al.'s externally validated ambulance-demand
benchmark both show adaptive, data-driven forecasting outperforming conventional planning baselines in this
exact domain [5], [12]. Hermansen and Mengshoel's Oslo case study adds to the same picture: machine-learning
forecasting applied to ambulance demand can anticipate surges early enough to avoid the overcrowding and
delay that reactive dispatch tends to produce [20]. Forecast-driven staffing that folds in the ensemble and
recency-weighting principles from Section IV lets response capacity get positioned ahead of demand rather
than scrambled together after it arrives, which matters most precisely during the surge periods when reactive
approaches are weakest.

In crisis and mental-health support, de Boer et al.'s forecasting work on helpline call and chat volume shows
demand that is not just growing but structurally different from commercial demand; a missed or delayed
contact during a period of elevated need can carry consequences that have nothing to do with cost [4]. The
scale involved is not abstract: SAMHSA's public reporting on 988 Lifeline performance and the National 911
Program's annual reporting on emergency-call volume both make clear that forecasting accuracy at this scale
decides whether contact attempts get answered promptly, not just whether an internal metric looks good [21],
[22]. A helpline that under-forecasts a surge in contact volume does not simply run a leaner shift; it risks longer
hold times or missed contacts during precisely the periods when demand for support is highest, which tend to
correlate with periods of elevated collective stress rather than periods of routine operation.

Public-sector and regulated infrastructure services carry a version of the same story. Demand there is often
tied to geography, seasonality, or policy in ways that are, in principle, predictable, but only if the forecasting
system actually ingests the external and contextual signals described in Section IV instead of leaning on
historical volume alone. Aksin's, Armony's, and Mehrotra's account of call-center operations research are
relevant here for a specific reason: regulated providers answer to accountability obligations that commercial
providers mostly do not, so both under- and over-provisioning end up facing outside scrutiny rather than
staying an internal cost line [3]. A regulated utility's contact center that is chronically overstaffed relative to
demand faces a different kind of scrutiny, often from a rate regulator, than a commercial retailer would for the
same overstaffing, and a regulated public benefits agency that is understaffed relative to a policy-driven
demand surge faces exposure that a private-sector analogue typically does not.

A common thread runs across all three domains. In each case, the organization operating the service does not
fully control the timing or size of the demand it receives, cannot meaningfully expand capacity on short notice
once a surge is underway, and answers to a stakeholder, a patient, a person in crisis, a regulator, or the public,
whose interests are not adequately represented by an internal cost metric alone. That combination of
conditions is precisely what distinguishes a reliability problem from an efficiency problem, and it is why the
same four capabilities developed in Section IV recur as relevant across domains that otherwise look quite
different from one another operationally.

TABLE I1I: CAPABILITIES REQUIRED FOR RELIABILITY-ORIENTED FORECASTING

Capability Function

Removes single-model point of failure;

Ensemble forecasting degrades gradually under stress

Emphasizes recent data; discounts stale

Weighted historical indexing baselines

Distinguishes transient spikes from

Anomaly-aware smoothing sustained demand shifts
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Uses policy, weather, and infrastructure

External signal integration . o
& & signals as leading indicators

Table III. The four structural capabilities this article treats as non-negotiable requirements for reliability-
oriented forecasting systems, with supporting literature.

B. Governance and Explainability Considerations for Staffing-Critical Forecasts

Because these forecasts turn directly into staffing decisions with human consequences attached, governance is
not something layered on after the forecasting design is finished; it has to be part of the design itself. A forecast
nobody can explain to the planners acting on it is hard to trust, hard to audit afterward, and hard to fix once it
starts degrading. The explainability approach in Section 1V-C, grounded in Ribeiro, Singh, and Guestrin's
general framework and shown working in a forecasting-specific setting by Bolstad et al., offers a template for
making adaptive model selection and ensemble weighting legible to the humans acting on it rather than opaque
[18], [19].

Reliability-engineering standards such as IEEE 1633 already treat this kind of traceability as a precondition for
trusting an automated system in a safety-relevant context, and that same precondition applies directly here:
whatever a forecasting system outputs is about to decide whether a crisis line, an emergency dispatch center,
or a regulated public service is staffed for what it is about to receive [6]. Closed-loop recalibration needs its
own governance, too: someone has to own the process of reviewing where forecasts and reality diverged and
deciding how the model's weighting should change, rather than letting a system quietly recalibrate itself with
no one watching what shifted or why. In a regulated context, this governance function also has to be
documentable after the fact, since a staffing shortfall during a high-visibility incident will typically draw
scrutiny of the forecasting process that produced the staffing plan in place at the time, and an auditable,
explainable process withstands that scrutiny in a way an opaque one does not.

Explainability also has a limit worth acknowledging: making a forecasting system's reasoning visible does not,
by itself, guarantee that the humans reviewing it will catch every failure mode, particularly under the time
pressure that characterizes many of these operating environments. Explainability should therefore be treated
as a necessary condition for accountable governance rather than a sufficient one; it needs to be paired with a
defined review cadence, clear ownership of the recalibration decision, and periodic independent evaluation of
the forecasting system's asymmetric-error performance, not only its average accuracy, so that governance does
not become a formality that is satisfied on paper without changing how the system is actually overseen in
practice.

TABLE 1V: DESIGN PRINCIPLES MAPPED TO HIGH-STAKES SERVICE DOMAINS

Domain Primary Reliability Concern

Surge anticipation for ambulance and

Emergency medical response dispatch staffing

Crisis / mental-health support Timely contact during periods of elevated

need
Public-sector / regulated Accountability for both under- and over-
infrastructure provisioning

Table IV. The design principles developed in Section IV recur as governing concerns across three high-stakes
service domains, each anchored to the industry-specific evidence discussed in Section V-A.

VI. Limitations and Future Work

This article is conceptual; it does not present new empirical results, and its claims are built from existing
forecasting theory, service-operations research, and documented forecasting-system design experience rather
than tested against a new dataset. The design principles in Section IV are meant to travel broadly across high-
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stakes service domains, but exactly how they get weighted and implemented will vary by domain; the
regulatory reporting obligations facing a public-sector agency look nothing like the clinical urgency constraints
facing a crisis helpline, and no single framework can fully specify either case.

A second limitation follows from the framework's scope condition stated in Section III: its claims apply
specifically to environments where staffing decisions are locked in ahead of demand and cannot be
substantially corrected once operations begin. Service environments with more flexible, on-demand capacity
face a less acute version of this problem, and the relative priority of the design principles proposed here,
particularly the emphasis on ensemble forecasting as a mandatory default rather than an optional
enhancement, may not transfer directly to those settings without adjustment. A third limitation is that the
framework does not specify how its governance requirements should be resourced or staffed in smaller
organizations that may lack a dedicated forecasting or data-science function; the principle of human-owned
closed-loop recalibration, in particular, presumes an organizational capacity that not every high-stakes service
provider currently has.

What this leaves for future work is straightforward: test these principles empirically, comparing reliability-
oriented forecasting systems against conventional efficiency-oriented baselines across several high-stakes
domains at once, using outcome measures that capture asymmetric risk directly rather than average accuracy
alone. Future work should also examine how governance and explainability requirements should shift once
forecasting systems operate alongside the human-Al collaborative staffing decisions they are meant to support
and should investigate resource-efficient governance models suitable for smaller regulated providers that
cannot support a dedicated forecasting function.

VII. Conclusion

Forecasting in high-stakes and regulated service environments is not just commercial demand forecasting
scaled up. The consequences of getting it wrong are asymmetric, often impossible to undo once staffing is
locked in, and tied to human outcomes rather than to cost alone. Treating forecasting as a reliability mechanism,
holding it to the same design discipline reliability engineering already applies elsewhere, moves the target
away from average statistical accuracy and toward resilience under volatility, explainability under scrutiny,
and accountability under governance. The shift this requires is smaller than it might first appear: the individual
techniques already exist and are individually well established, and what has been missing is mainly the decision
to hold them to a reliability standard rather than an efficiency one.

What changes, in practice, is where the burden of proof sits. Under an efficiency framing, a forecasting system
earns its place by showing a favorable average error rate. Under a reliability framing, it earns its place by
showing that its errors, when they occur, do not concentrate in the moments a crisis line, an ambulance
dispatch center, or a regulated public service can least afford to be caught short. That is a higher bar, and it is
also the more honest one, given what is actually at stake when these systems are wrong.

The design principles this article lays out, adaptive model selection, mandatory ensemble forecasting, weighted
historical indexing, anomaly-aware smoothing, external-signal integration, and explainable closed-loop
recalibration are offered as a starting reference standard for forecasting systems supporting emergency
response, crisis and mental health services, and regulated public-sector operations. None of these principles is
individually novel; ensemble methods, recency weighting, anomaly detection, and explainable Al all exist
separately in the literature already cited throughout this article. What is proposed here is that these
components be treated jointly, as a single governed standard, specifically because the environments under
discussion cannot tolerate the single-point-of-failure risk that adopting them piecemeal would leave in place.
Reliable service availability in emergency response, in crisis support, and in regulated public-sector operations
is not a convenience. It is a condition of the service itself, and the forecasting systems that determine staffing
readiness for that service deserve to be engineered with that condition in view from the outset, rather than
discovered after a forecast has already failed at the moment it mattered most.

References

[1] N. Gans, G. Koole, and A. Mandelbaum, “Telephone Call Centers: Tutorial, Review, and Research Prospects,”
Manufacturing & Service Operations Management, vol. 5, no. 2, pp. 79-141, Apr. 2003.
https://doi.org/10.1287 /msom.5.2.79.16071

Vol.6, No.14s, 2026 22


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning

[2] F. Petropoulos, D. Apiletti, V. Assimakopoulos, et al., “Forecasting: theory and practice,” International
Journal of Forecasting, vol. 38, no. 3, pp. 705-871, Jul. 2022.
https://doi.org/10.1016/j.ijforecast.2021.11.001

[3] Z. Aksin, M. Armony, and V. Mehrotra, “The Modern Call Center: A Multi-Disciplinary Perspective on
Operations Management Research,” Production and Operations Management, vol. 16, no. 6, pp. 665-
688, Nov. 2007. https://doi.org/10.1111/j.1937-5956.2007.tb00288.x

[4] T. R. de Boer, S. Mérelle, S. Bhulai, R. Gilissen, and R. van der Mei, “Forecasting call and chat volumes at
online helplines for mental health,” BMC Public Health, vol. 23, art. 984, May 2023.
https://doi.org/10.1186/s12889-023-15887-2

[5] R.]. Martin, R. Mousavi, and C. Saydam, “Predicting emergency medical service call demand: A modern
spatiotemporal machine learning approach,” Operations Research for Health Care, vol. 28, art.
100285, Mar. 2021. https://doi.org/10.1016/j.0rhc.2021.100285

[6] IEEE Standards Association, “IEEE Recommended Practice on Software Reliability,” [IEEE Std 1633-2016.
[Online]. Available: https://standards.ieee.org/ieee/1633/5726/. Accessed: Jul. 10, 2026.

[7] T. Albrecht, T. M. Rausch, and N. D. Derra, “Call me maybe: Methods and practical implementation of
artificial intelligence in call center arrivals’ forecasting,” Journal of Business Research, vol. 123, pp.
267-278, Feb. 2021. https://doi.org/10.1016/j.jbusres.2020.09.033

[8] S. Makridakis and M. Hibon, “The M3-Competition: results, conclusions and implications,” International
Journal of Forecasting, vol. 16, no. 4, pp. 451-476, Oct. 2000. https://doi.org/10.1016/S0169-
2070(00)00057-1

[9]]. M. Bates and C. W. ]. Granger, “The Combination of Forecasts,” Journal of the Operational Research
Society, vol. 20, no. 4, pp. 451-468, Dec. 1969. https://doi.org/10.1057 /jors.1969.103

[10] P. R. Winters, “Forecasting Sales by Exponentially Weighted Moving Averages,” Management Science, vol.
6, no. 3, pp. 324-342, Apr. 1960. https://doi.org/10.1287 /mnsc.6.3.324

[11] A. Vinci, A. Pasquarella, M. P. Corradi, et al., “Emergency Medical Services Calls Analysis for Trend
Prediction during Epidemic Outbreaks: Interrupted Time Series Analysis on 2020-2021 COVID-19
Epidemic in Lazio, Italy,” International Journal of Environmental Research and Public Health, vol. 19,
no. 10, art. 5951, May 2022. https://doi.org/10.3390/ijerph19105951

[12] T. Monks, A. Harper, M. Allen, L. Collins, and A. Mayne, “Forecasting the daily demand for emergency
medical ambulances in England and Wales: a benchmark model and external validation,” BMC
Medical Informatics and Decision Making, vol. 23, art. 117, Jul. 2023.
https://doi.org/10.1186/s12911-023-02218-z

[13]]. Wu, Y.-G. Wang, Y.-C. Tian, K. Burrage, and T. Cao, “Support vector regression with asymmetric loss for
optimal electric load forecasting,” Energy, vol. 223, art. 119969, May 2021.
https://doi.org/10.1016/j.energy.2021.119969

[14] Y. Huy, C. W. Chan, and ]J. Dong, “Prediction-Driven Surge Planning with Application to Emergency
Department Nurse Staffing,” Management Science, vol. 71, no. 3, pp. 2079-2126, Mar. 2025.
https://doi.org/10.1287 /mnsc.2021.02781

[15] X. Wang, R.]. Hyndman, F. Li, and Y. Kang, “Forecast combinations: An over 50-year review,”
International Journal of Forecasting, vol. 39, no. 4, pp. 1518-1547, Oct. 2023.
https://doi.org/10.1016/j.ijforecast.2022.11.005

[16] J. M. RoZanec, B. Fortuna, and D. Mladeni¢, “Reframing Demand Forecasting: A Two-Fold Approach for
Lumpy and Intermittent Demand,” Sustainability, vol. 14, no. 15, art. 9295, Jul. 2022.
https://doi.org/10.3390/su14159295

[17] Y. Du, J]. Wang, W. Feng, S. Pan, T. Qin, R. Xu, and C. Wang, “AdaRNN: Adaptive Learning and Forecasting of
Time Series,” in Proc. 30th ACM Int. Conf. Information and Knowledge Management, Virtual Event,
Queensland, Australia, 2021, pp. 402-411. https://doi.org/10.1145/3459637.3482315

[18] M. T. Ribeiro, S. Singh, and C. Guestrin, “Why should I trust you?’: Explaining the predictions of any
classifier,” in Proc. 22nd ACM SIGKDD Int. Conf. Knowledge Discovery and Data Mining, San
Francisco, CA, USA, 2016, pp. 1135-1144. https://doi.org/10.1145/2939672.2939778

[19] D. A. Bolstad, U. Cali, M. Kuzlu, and U. Halden, “Day-ahead Load Forecasting using Explainable Artificial
Intelligence,” in Proc. 2022 IEEE PES Innovative Smart Grid Technologies Conf,, New Orleans, LA,
USA, 2022, pp. 1-5. https://doi.org/10.1109/ISGT50606.2022.9817538

Vol.6, No.14s, 2026 23


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning

[20] A. Haugsbg Hermansen and O. J. Mengshoel, “Forecasting Ambulance Demand using Machine Learning: A
Case Study from Oslo, Norway,” in Proc. 2021 IEEE Symp. Series on Computational Intelligence,
Orlando, FL, USA, 2021, pp. 1-10. https://doi.org/10.1109/SSCI50451.2021.9659837

[21] SAMHSA, “988 Lifeline Performance Metrics.” [Online]. Available: https://www.samhsa.gov/mental-
health/988/performance-metrics. Accessed: Jul. 10, 2026.

[22] National 911 Program, “National 911 Annual Report: 2021 Data.” [Online]. Available:
https://www.911.gov/assets/2021-911-Profile-Database-Report_FINAL.pdf. Accessed: Jul. 10, 2026.

Author Biography

Gopal Yuvaraj is a Principal Product Manager at Microsoft, where he leads Al-first platform capabilities for
Dynamics 365 Customer Service and Dynamics Contact Center, including intelligent forecasting, workforce
engagement management, and Al-driven quality evaluation systems deployed at global enterprise scale. He
previously served as Senior Director of Product Management for SAP Service Cloud, leading the case
management, agent desktop, and utilities industry-solution product lines. With more than twenty years of
product leadership across enterprise customer service and CRM platforms, his work spans forecasting,
workforce management, quality management, and agentic Al systems for regulated and high-volume service
operations. He holds a Bachelor of Engineering in Computer Science from Bharathiyar University and is based
in Fremont, California.

Vol.6, No.14s, 2026 24


http://www.svedbergopen.com/ijaiml

