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Abstract
Forecast combinations support production and inventory decisions, but inaccurate or

redundant candidates can dilute crowd wisdom. We develop a modular forecast-trimming
framework based on robustness, accuracy, and diversity, introducing autoAD and autoRAD.
Both adaptively balance error magnitude and complementarity, with autoRAD additionally
applying robustness screening. Relative Diversity (RelDiv) provides a scale-normalised diag-
nostic of the initial pool. Across 103,826 M-competition series, autoAD performs comparably
to accuracy-only trimming overall, with significant MASE-rank gains for monthly series and
moderate-RelDiv pools. On 5,000 Royal Air Force spare-parts series, it significantly outper-
forms accuracy-only trimming in rank at all three horizons. Allowing a zero diversity weight
lets autoAD revert to accuracy-based selection when validation evidence does not support
complementarity. Together with the weaker performance of alignment-only trimming, these
findings support diversity as a selective addition to accuracy. In the spare-parts application,
autoAD achieves interval scores comparable to the full-pool and accuracy-only benchmarks,
while autoRAD attains the lowest scores considered. Both substantially reduce pool size
while maintaining similar service levels, with modest inventory cost savings under moderate
backorder penalties. These savings disappear when penalties are high. The framework pro-
vides a practical approach to constructing parsimonious forecasting crowds for operational
decision support.

Practitioner Summary
Practitioners often have many plausible forecasting models but limited guidance on which

ones should enter a forecast combination. Including every model can retain inaccurate or
redundant information, while selecting models only by past accuracy may discard forecasts
that provide useful complementary information. This study develops a practical trimming
framework that considers forecast stability, accuracy, and error complementarity. Its adap-
tive approach treats accuracy as the primary criterion and uses diversity only when validation
data indicate that it adds value.

Tests on more than 100,000 benchmark series and 5,000 Royal Air Force spare-parts
demand series show that diversity is most useful as a selective complement to accuracy
rather than as a stand-alone criterion. In the spare-parts application, the adaptive methods
substantially reduce the number of forecasts while maintaining similar service levels and
prediction-interval quality. They can also produce modest inventory cost savings when
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backorder penalties are moderate, although these gains disappear when shortages are very
costly. For practitioners, the key implication is to take a deliberate approach to choosing
which forecasts to retain: start with accuracy-based selection, allow diversity to influence
the pool only when supported by validation evidence, and assess the retained pool against
the service targets and shortage costs relevant to the application. This provides a practical
way to simplify forecasting systems without materially weakening predictive or operational
performance.

Word count: 8213

Keywords: Forecast combination, Forecast trimming, Demand forecasting, Supply chain fore-
casting, Forecast diversity, Intermittent demand
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1 Introduction

Demand forecasts inform production planning, inventory replenishment, resource allocation,

and maintenance scheduling (Petropoulos et al. 2022). Modern production systems generate

forecasts for large numbers of products and components from an expanding set of statistical and

machine-learning models (Wang & Petropoulos 2016, Garred et al. 2026). Forecast combination

avoids committing each series to a single model. Combining several plausible forecasts can

improve accuracy and reduce exposure to model, parameter, and data uncertainty (Bates &

Granger 1969, Petropoulos et al. 2018, Li et al. 2023, Wang et al. 2023), particularly when no

method dominates across products, horizons, or operating conditions.

The wisdom of this forecasting crowd, however, depends on who is included. Combination

performance is determined by both the aggregation rule and the composition of the forecast

pool. Flexible weighting schemes can exploit differences among candidates, yet estimation error

may offset their theoretical advantages (Hibon & Evgeniou 2005, Smith & Wallis 2009, Geweke

& Amisano 2011, Claeskens et al. 2016). This trade-off helps explain the forecast combina-

tion puzzle: simple averaging often matches or outperforms more elaborate weighting methods

(Stock & Watson 2004). With simple weights, careful pool construction becomes especially im-

portant because unstable, inaccurate, or redundant forecasts can dilute the information in the

combination.

Forecast trimming, also known as forecast subset selection or combination selection, retains

an informative subset before aggregation. Its premise is that a selected subset can outperform

the full pool (Wang et al. 2023). This shift from estimating weights to deciding which forecasts

merit inclusion is particularly relevant to production forecasting. Alongside potential accuracy

gains, a smaller deployed pool may simplify forecast attribution, governance, and communica-

tion with operational decision makers.

The unresolved question is what makes a forecast worth retaining. Most trimming proce-

dures emphasise accuracy and discard candidates with poor historical performance (Granger

& Jeon 2004, Mannes et al. 2014, Kourentzes et al. 2019). Yet a useful pool should also ex-

clude unreliable candidates and preserve complementary information (Batchelor & Dua 1995,

Budescu & Chen 2015, Thomson et al. 2019, Atiya 2020, Lichtendahl Jr & Winkler 2020). Ro-

bustness, accuracy, and diversity can recommend different decisions: a forecast may be accurate

but redundant, diverse but inaccurate, or stable yet add little information. Two practical ques-

tions follow: how should these criteria be combined, and when does diversity improve on an

accuracy-only rule?

We address these questions through a modular framework that separates robustness screening

from score-based backward selection. It compares the full pool (None) with robustness-only

3



trimming (R), accuracy-only trimming (A), alignment-only trimming (D), adaptive accuracy-

diversity trimming (autoAD) and its robustness-screened variant (autoRAD). The adaptive rules

use a new Accuracy-Diversity Trade-off (ADT) score that balances a candidate’s individual

error magnitude against its error co-movement with the remaining pool. We also introduce

Relative Diversity (RelDiv) to provide a scale-normalised diagnostic of error complementarity

before rule-specific trimming.

This study makes three contributions. First, the common framework applies robustness,

accuracy, and error complementarity separately or jointly, enabling comparisons that hold the

aggregation rule fixed. Second, the ADT score and data-driven selection of its alignment weight

make the accuracy-diversity trade-off pool specific. RelDiv helps examine how its value varies

with initial pool conditions. Third, the evaluation links evidence from 103,826 M-competition

series to 5,000 Royal Air Force (RAF) aerospace spare-parts demand series. The RAF applica-

tion extends the comparison to prediction intervals and inventory costs, relating pool size and

composition to operational performance.

The results show that, on the M data, autoAD performs comparably to accuracy-only trim-

ming overall, with significant rank improvements for monthly series and moderate-RelDiv pools.

It also significantly improves on A in within-series MASE ranks at all three RAF horizons. These

gains contrast with the less reliable performance of alignment-only trimming, while the frequent

selection of zero diversity weights in low-RelDiv pools demonstrates the adaptive rule’s ability to

retain accuracy-only selection. Error complementarity is therefore most valuable as a selective

addition to accuracy, not as a standalone objective. The RAF extensions relate these findings to

uncertainty assessment and inventory decisions. autoAD produces interval scores close to those

of None and A, whereas autoRAD achieves the lowest scores across all six configurations under

each interval combination rule. With unit holding cost and a backorder penalty of 19, autoAD
retains 18.2% fewer models than None at a slightly lower inventory cost, and fewer models than

A at an almost identical cost. These results indicate that a smaller forecasting crowd can retain

predictive and operational value, although inventory outcomes depend on the shortage penalty.

The remainder of the paper is organised as follows. Section 2 reviews the related literature,

and Section 3 develops the methodological framework. Section 4 presents the M-competition ex-

periments, and Section 5 examines spare-parts forecasting and inventory performance. Section 6

discusses managerial implications, and Section 7 concludes.

4



2 Related literature

2.1 Forecast-pool quality: robustness, accuracy, and diversity

Forecast-pool construction is consequential in production settings because forecast quality feeds

directly into planning and control. Production research has reviewed aggregation, hierarchical

forecasting, and combinations across supply-chain levels (Babai et al. 2022); compared the inven-

tory performance of selecting and combining model and expert forecasts (Wang & Petropoulos

2016); and examined the accuracy and inventory implications of intermittent-demand combina-

tions (Li et al. 2023, Sanguri et al. 2024). Related studies develop a machine-learning model for

intermittent spare-parts demand (Jiang et al. 2021) and an automatic model-selection system

for supply-chain forecasting (Garred et al. 2026). This literature establishes the operational

relevance of choosing among forecasts. Within this literature, we examine how accuracy and

error complementarity should jointly guide subset selection for equal-weight combination.

Three principles recur in research on forecast selection and combination: exclude unreliable

candidates, remove persistently inaccurate candidates, and retain candidates that contribute

distinct information. We refer to these dimensions of pool quality as robustness, accuracy, and

diversity. Although they are conceptually related, each targets a different failure mode and may

therefore retain a different subset.

Robustness concerns the stability of a candidate’s errors rather than its average error

alone. Depending on the validation design, related safeguards use outlier removal, historical-

performance screens, or filters for poorly behaved forecasts. Research explaining why some

combinations outperform others likewise emphasises that the properties of component forecasts

matter alongside aggregate performance (Lichtendahl Jr & Winkler 2020). When robustness

screening is embedded in preliminary data treatment, its contribution is difficult to distinguish

from that of subsequent selection. In our single-origin design, robustness has the narrower

meaning of stability in absolute error across the 𝐻 validation horizons, not robustness to con-

tamination or model misspecification.

Accuracy is the dominant criterion in forecast trimming. The rationale is direct: retaining

candidates with large validation errors can degrade the combined forecast. Accuracy-based

methods therefore rank candidates by recent or historical performance and remove weak mem-

bers. Kourentzes et al. (2019), for example, propose an automatic pooling heuristic that orders

forecasts by past performance and stops after a marked deterioration in accuracy. The same

principle appears in the wisdom-of-crowds literature: a smaller group of demonstrably better

judges can outperform the undifferentiated crowd (Hora 2004, Mannes et al. 2014, Goldstein

et al. 2014, Budescu & Chen 2015). Accuracy-based trimming is consequently both an estab-

lished approach and an essential benchmark for any more elaborate rule.
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Diversity captures information that an accuracy ranking omits. Combining forecasts with

aligned errors offers little protection against common mistakes, whereas forecasts with weakly

aligned or offsetting errors can provide diversification benefits (Armstrong 2001). Theoretical

and empirical studies relate lower error dependence to better combination performance and

show that accuracy and diversity jointly determine the quality of an aggregate (Atiya 2020,

Thomson et al. 2019). Diversity has informed meta-learning for forecast combination (Lemke

& Gabrys 2010), and it can be extracted directly from generated forecasts without a large set

of time-series features (Kang et al. 2022). Direct use of diversity for trimming is less common.

Cang & Yu (2014) select subsets through mutual information, but evaluating candidate subsets

becomes demanding as the pool expands; Lichtendahl Jr & Winkler (2020) consider accuracy

and error correlation as separate screens rather than as terms in a single adaptive trimming

criterion.

2.2 Research gap

These criteria can conflict. Accuracy-based deletion may remove a complementary forecast;

alignment-only selection may retain a poor individual forecast; and an error-stability screen

need not improve predictive value. The unresolved issue is how to combine these criteria and

identify the pools in which an alignment adjustment is useful. We address it through a modular

comparison, data-driven selection of the alignment weight, and the RelDiv diagnostic before

rule-specific trimming. The analysis also distinguishes predictive gains from inventory gains,

which depend on the replenishment policy and shortage penalty.

3 Forecast trimming rules

3.1 Trimming criteria: robustness, accuracy, and diversity

Trimming selects a subset before aggregation. We evaluate each candidate along three dimen-

sions. Robustness describes the dispersion of its absolute errors across validation horizons; ac-

curacy describes error magnitude; and diversity describes complementarity with the remaining

pool.

Let 𝐷train, 𝐷valid, and 𝐷test denote the training, validation, and test samples, respectively.

Models fitted on 𝐷train generate 𝐻-step forecasts for the validation sample. These validation

forecasts, together with the corresponding observations, are used for trimming. The test sample

is kept separate and has the same length 𝐻.

For candidate 𝑖, let 𝒇𝑖 = (𝑓𝑖,1, 𝑓𝑖,2, … , 𝑓𝑖,𝐻)⊤ be its 𝐻-step validation-forecast vector, and let

𝑭 = [𝒇⊤
1 ; … ; 𝒇⊤

𝑀 ] ∈ ℝ𝑀×𝐻 collect these vectors row-wise. Thus, the 𝑖th row of 𝑭 is 𝒇⊤
𝑖 , and 𝑀

is the size of the initial pool. Let 𝒚 = (𝑦1, 𝑦2, … , 𝑦𝐻)⊤ contain the corresponding observations,
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with error 𝑒𝑖,ℎ = 𝑦ℎ − 𝑓𝑖,ℎ. We assume 𝐻 > 1, 𝑀 > 1, and 2 ≤ 𝑚min ≤ 𝑀 . A trimming rule

returns an index set 𝑆 ⊆ {1, … , 𝑀} for subsequent combination.

3.1.1 Robustness

The robustness criterion identifies candidates whose absolute errors vary unusually across val-

idation horizons. For candidate 𝑖, let 𝑠2
|𝑒𝑖| denote the sample variance of its absolute errors.

Under the 𝐻 − 1 divisor used below,

𝑠2
|𝑒𝑖| = 𝐻

𝐻 − 1 (MSE𝑖 − MAE2
𝑖 ) ,

where MSE𝑖 = 1
𝐻 ∑𝐻

ℎ=1 𝑒2
𝑖,ℎ and MAE𝑖 = 1

𝐻 ∑𝐻
ℎ=1 |𝑒𝑖,ℎ|. Absolute-error dispersion is therefore

mechanically related to error magnitude and cannot, by itself, isolate instability.

To reduce this dependence on error magnitude, we measure robustness using the Regularised

Coefficient of Variation (RCV) of absolute errors, which is defined as

RCV𝑖 =
[ 1

𝐻−1 ∑𝐻
ℎ=1 (|𝑒𝑖,ℎ| − |𝑒𝑖|)

2]
1/2

|𝑒𝑖| + 𝜖𝑅
,

where |𝑒𝑖| = 1
𝐻 ∑𝐻

ℎ=1 |𝑒𝑖,ℎ| and 𝜖𝑅 > 0, with the units of the observations, regularises the

denominator when the mean absolute error is close to zero. The RCV expresses dispersion

relative to mean absolute error and is therefore less sensitive to scale. As a population reference,

if 𝑒𝑖,ℎ ∼ 𝑁(0, 𝜎2
𝑖 ), the coefficient of variation of |𝑒𝑖,ℎ| equals √𝜋/2 − 1, independently of 𝜎2

𝑖 . This

motivates a relative, rather than absolute, measure of cross-horizon error instability.

We flag unusually large RCV values with Tukey’s upper fence. Candidate 𝑖 is removed when

RCV𝑖 > 𝑄3 + 1.5(𝑄3 − 𝑄1), where 𝑄1 and 𝑄3 are the first and third quartiles across the initial

screening pool. If this screen would violate the minimum pool size, we retain the candidates

with the smallest RCV values until the minimum is met.

3.1.2 Accuracy

We measure the validation accuracy of candidate 𝑖 by its MSE,

MSE𝑖 = 1
𝐻

𝐻
∑
ℎ=1

𝑒2
𝑖,ℎ.

This loss penalises large errors more heavily than small ones. Under accuracy-based trimming,

the candidate with the largest MSE is considered first for removal. This criterion ignores

interactions among forecasts and therefore provides a transparent benchmark against which the

value of diversity can be assessed.
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3.1.3 Diversity

Combination performance depends on both individual accuracy and error co-movement.

Strongly aligned errors limit diversification, even when individual forecasts perform reasonably

well in isolation. We therefore define diversity from pairwise validation-error co-movement.

For candidates 𝑖 and 𝑗, let 𝜎𝑖𝑗 = 1
𝐻 ∑𝐻

ℎ=1 𝑒𝑖,ℎ𝑒𝑗,ℎ denote the uncentred cross-moment of their

validation errors. Unlike a covariance, it reflects shared bias and error magnitude as well as

synchronised deviations. We use it because it appears exactly in the MSE of the equal-weight

combination over a subset 𝑆:

MSEEW = 1
|𝑆|2 (∑

𝑖∈𝑆
MSE𝑖 + 2 ∑

𝑖<𝑗, 𝑖,𝑗∈𝑆
𝜎𝑖𝑗) .

Consequently, a large positive 𝜎𝑖𝑗 makes a large positive cross-error contribution to combination

MSE. A value near zero contributes little to the cross-error term, whereas a negative value

reduces combination MSE through error cancellation.

This definition differs from measures of forecast disagreement such as the Mean Squared

Error for Coherence (MSEC, Thomson et al. 2019),

MSEC𝑖𝑗 = 1
𝐻

𝐻
∑
ℎ=1

(𝑓𝑖,ℎ − 𝑓𝑗,ℎ)2 = MSE𝑖 + MSE𝑗 − 2𝜎𝑖𝑗.

MSEC combines individual error magnitudes and pairwise cross-errors. The cross-moment 𝜎𝑖𝑗

isolates the interaction term in this decomposition, although it is not itself a pure, scale-free

measure of diversity.

For a current subset 𝑆, define candidate 𝑖’s average error-alignment penalty as

Align𝑖(𝑆) = 1
|𝑆| − 1 ∑

𝑗∈𝑆, 𝑗≠𝑖
𝜎𝑖𝑗.

Larger Align𝑖(𝑆) values indicate a greater average cross-error contribution with the other candi-

dates and hence less MSE-relevant complementarity. Because this score is unnormalised, it can

reflect error scale as well as angular alignment; it should be interpreted as an MSE-based redun-

dancy proxy rather than as pure diversity. Alignment-based trimming considers the candidate

with the largest Align𝑖(𝑆) first for removal.

3.1.4 Accuracy-diversity trade-off

To balance individual accuracy and error complementarity, we define the Accuracy-Diversity

Trade-off (ADT) score for candidate 𝑖 in a current subset 𝑆 as

ADT𝑖(𝑆; 𝜅) = MSE𝑖 + 𝜅 Align𝑖(𝑆),
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where 𝜅 ≥ 0 controls the weight assigned to the error-alignment term. Both terms have squared-

error units: the first is the candidate’s MSE, and the second is its average error cross-moment

with the remaining pool. Thus, 𝜅 is dimensionless.

The ADT score is an alignment-adjusted accuracy criterion. At 𝜅 = 0, it is identical to

the accuracy score. As 𝜅 increases, candidates with large positive cross-moments become less

desirable, whereas negative cross-moments lower the score by rewarding potential error can-

cellation. ADT is a tunable surrogate for accuracy and redundancy, not the exact marginal

contribution of a candidate to combination MSE. Validation performance selects 𝜅 separately

for each forecasting task. This adapts the role of alignment without estimating combination

weights.

3.2 A modular framework for forecast trimming

Starting from 𝑆0 = {1, … , 𝑀}, the framework returns a subset 𝑆 through optional RCV screen-

ing followed by score-based backward elimination. Different module and score choices retain

the same underlying selection procedure.

For a current subset 𝑆, let 𝑞𝑖(𝑆; 𝜅) denote the trimming score assigned to candidate 𝑖 ∈ 𝑆.

The three score choices used in this paper are

𝑞𝑖(𝑆; 𝜅) =

⎧{{{
⎨{{{⎩

MSE𝑖, accuracy-based trimming,

Align𝑖(𝑆), alignment-based trimming,

ADT𝑖(𝑆; 𝜅), accuracy-diversity trimming.

For any score definition, let the pool-level average score be

𝐵𝑞(𝑆; 𝜅) = 1
|𝑆| ∑

𝑖∈𝑆
𝑞𝑖(𝑆; 𝜅).

Backward elimination considers the candidate with the largest score, 𝑟 = arg max𝑖∈𝑆 𝑞𝑖(𝑆; 𝜅),
for deletion. With 𝑆− = 𝑆 ∖ {𝑟}, all subset-dependent scores are recomputed on 𝑆−. The

deletion is accepted only when it reduces the pool-level average score by at least the relative

threshold 𝛿:
𝐵𝑞(𝑆; 𝜅) − 𝐵𝑞(𝑆−; 𝜅)
max{|𝐵𝑞(𝑆; 𝜅)|, 𝜖𝐵} ≥ 𝛿,

where 𝜖𝐵 > 0, with squared-error units, protects against a near-zero denominator. The threshold

𝛿 ≥ 0 stops elimination when the reduction in average trimming score is too small; for any fixed

𝜅, larger values therefore produce more conservative trimming and weakly larger retained pools.

Elimination also stops at the prespecified minimum pool size 𝑚min. Ties in the largest candidate

score follow the fixed input order.
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For an ADT rule, 𝜅 is selected rather than fixed. Each value on a finite grid 𝐾 generates a

backward-elimination path and a retained subset 𝑆(𝜅). We choose the value that minimises the

validation MSE of the corresponding equal-weight combination:

̂𝜅 = arg min
𝜅∈𝐾

1
𝐻

𝐻
∑
ℎ=1

(𝑦ℎ − 1
|𝑆(𝜅)| ∑

𝑖∈𝑆(𝜅)
𝑓𝑖,ℎ)

2

.

Ties are resolved in favour of the smallest 𝜅. Because zero belongs to 𝐾, autoAD reduces to A
when ̂𝜅 = 0, whereas autoRAD reduces to robustness-screened accuracy trimming. The rules

thus adapt the role of error alignment across pools while preserving a common aggregation

method.

Table 1 summarises the six configurations. R, A, and D apply robustness, accuracy, and the

alignment-based diversity proxy separately. autoAD selects 𝜅 and trims with ADT; autoRAD ap-

plies the robustness screen before the same adaptive procedure. Algorithm 1 gives the complete

framework.

Table 1: Forecast trimming rules in the modular framework.

Rule Robustness
screen

Score
criterion 𝜅 selected Purpose

None 7 – 7 No-trimming benchmark
R 3 – 7 Robustness only
A 7 MSE𝑖 7 Accuracy only
D 7 Align𝑖(𝑆) 7 Alignment only (diversity proxy)
autoAD 7 ADT𝑖(𝑆; 𝜅) 3 Accuracy-diversity trade-off
autoRAD 3 ADT𝑖(𝑆; 𝜅) 3 Accuracy-diversity trade-off with robustness

screening
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Algorithm 1 Modular forecast trimming framework
Require: Initial pool 𝑆0 = {1, … , 𝑀}, validation forecasts {𝒇𝑖}𝑖∈𝑆0

, observations {𝑦ℎ}𝐻
ℎ=1,

trimming rule 𝑔, stopping threshold 𝛿, minimum pool size 2 ≤ 𝑚min ≤ 𝑀 , numerical
safeguards 𝜖𝑅 and 𝜖𝐵, and ADT grid 𝐾.

Ensure: Retained pool 𝑆 and, when applicable, selected value ̂𝜅.
1: Compute validation errors 𝑒𝑖,ℎ = 𝑦ℎ − 𝑓𝑖,ℎ for all 𝑖 ∈ 𝑆0.
2: if 𝑔 ∈ {R, autoRAD} then
3: Apply the RCV Tukey-fence screen to 𝑆0 and denote the retained pool by 𝑆𝑅.
4: else
5: Set 𝑆𝑅 ← 𝑆0.
6: end if
7: if 𝑔 ∈ {None, R} then
8: return 𝑆 = 𝑆𝑅.
9: end if

10: Compute MSE𝑖 and 𝜎𝑖𝑗 for all 𝑖, 𝑗 ∈ 𝑆𝑅.
11: Define the candidate grid 𝐾𝑔 as

𝐾𝑔 = {𝐾, if 𝑔 ∈ {autoAD, autoRAD},
{0}, otherwise.

12: for 𝜅 ∈ 𝐾𝑔 do
13: Set 𝑆 ← 𝑆𝑅.
14: while |𝑆| > 𝑚min do
15: Compute 𝑞𝑖(𝑆; 𝜅) for all 𝑖 ∈ 𝑆 and 𝐵𝑞(𝑆; 𝜅) according to rule 𝑔.
16: Set 𝑟 ← arg max𝑖∈𝑆 𝑞𝑖(𝑆; 𝜅) and 𝑆− ← 𝑆 ∖ {𝑟}.
17: Recompute the subset-dependent scores and 𝐵𝑞(𝑆−; 𝜅) on 𝑆−.
18: if 𝐵𝑞(𝑆;𝜅)−𝐵𝑞(𝑆−;𝜅)

max{|𝐵𝑞(𝑆;𝜅)|,𝜖𝐵} ≥ 𝛿 then
19: Set 𝑆 ← 𝑆−.
20: else
21: break
22: end if
23: end while
24: Record 𝑆(𝜅) ← 𝑆.
25: end for
26: if 𝑔 ∈ {autoAD, autoRAD} then
27: Select ̂𝜅 by the validation MSE of the equal-weight combination over 𝑆(𝜅).
28: return 𝑆 = 𝑆(𝜅).
29: else
30: return 𝑆 = 𝑆(0).
31: end if

3.3 Relative diversity

ADT scores individual candidates conditional on the current subset. To describe the initial pool

as a whole, we define Relative Diversity (RelDiv) as the average cosine dissimilarity between

nonzero validation-error vectors. Let

𝒫0 = {(𝑖, 𝑗) ∶ 𝑖 < 𝑗, 𝑖, 𝑗 ∈ 𝑆0, MSE𝑖MSE𝑗 > 0}
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denote the admissible pairs in the initial pool 𝑆0 = {1, … , 𝑀}. When 𝒫0 is nonempty, define

RelDiv(𝑆0) = 1
|𝒫0| ∑

(𝑖,𝑗)∈𝒫0

(1 − 𝜎𝑖𝑗
√MSE𝑖MSE𝑗

) . (1)

Here, 𝜎𝑖𝑗/√MSE𝑖MSE𝑗 is the cosine similarity between two error vectors. Similarity near one

indicates aligned errors and little diversity; smaller, including negative, values indicate weaker

or offsetting co-movement. Each pairwise cosine dissimilarity, and hence RelDiv, lies between

zero and two. RelDiv is invariant to positive rescaling of an individual nonzero error vector,

so it summarises angular alignment rather than error magnitude. Pairs involving a zero-norm

error vector are excluded through 𝒫0; RelDiv is recorded as missing if 𝒫0 is empty.

RelDiv describes the initial pool and does not enter the selection rule. We use it in Sec-

tion 4.5.2 to examine the incremental performance of ADT and the selected alignment weight.

4 Large-scale evaluation on the M competitions

4.1 Data

We first evaluate the trimming rules on the yearly, quarterly, monthly, weekly, daily, and hourly

series from the M1, M3, and M4 forecasting competitions (Makridakis et al. 1982, Makridakis &

Hibon 2000, Makridakis et al. 2020). The three competitions provide a demanding testbed with

heterogeneous frequencies, sample lengths, seasonal patterns, and application domains. Each

series contains a historical sample and a held-out test period. We split the historical sample into

training and validation periods, setting the validation length equal to the competition forecast

horizon.

The processed data come from the Mcomp (Hyndman et al. 2018) and M4comp2018 (Montero-

Manso et al. 2019) packages. We exclude a series if its training period has fewer than two

observations or is constant. The resulting sample contains 103,826 series. Because M4 supplies

nearly all of these series, the overall summaries pool series without reweighting competitions

and are numerically dominated by M4. For yearly, quarterly, monthly, weekly, daily, and hourly

data, the forecast horizons are 6, 8, 18, 13, 14, and 48, and the seasonal periods are 1, 4, 12, 52,

7, and 168, respectively.

4.2 Design

The candidate pool comprises exponential-smoothing state-space (ETS) specifications (Hynd-

man et al. 2002), a standard family in studies of forecast selection, trimming, and combination

(Kourentzes et al. 2019, Montero-Manso et al. 2020, Wang et al. 2022, Petropoulos & Siemsen

2023). We exclude multiplicative trends and specifications that combine additive errors with
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multiplicative seasonality. The resulting pool contains six specifications for nonseasonal yearly

series and 15 for seasonal series. We estimate yearly, quarterly, monthly, and daily models with

ets() from the forecast package (Hyndman et al. 2022), and weekly and hourly models with

es() from smooth (Svetunkov 2022).

Before rule-specific trimming, every configuration receives the same prediction-interval screen

following Meira et al. (2021) and Petropoulos & Siemsen (2023). At the longest horizon, Tukey’s

rule is applied separately to the lower and upper bounds across specifications; extreme specifi-

cations and any model whose lower bound exceeds its upper bound are removed. Consequently,

None denotes the complete post-screen pool, and all reported trimming effects are incremental

to this common preprocessing step. RelDiv is likewise calculated on the post-screen pool before

any rule-specific trimming.

For each series, we estimate the eligible ETS specifications on the training period and gener-

ate validation forecasts. The trimming rule uses only these forecasts and their realised errors to

select a subset. We then re-estimate the same specifications on the complete historical sample

available before the test period and equally weight the test forecasts from the selected subset.

Holding aggregation fixed in this way attributes performance differences to pool construction

rather than to estimated combination weights.

The comparison covers the six configurations in Table 1: None, R, A, D, autoAD, and au-
toRAD. We set 𝛿 = 0.05 and 𝑚min = 3. The adaptive configurations search the 21-point grid

𝐾 = {0, 0.1, 0.2, … , 2.0}. Only R and autoRAD apply the RCV screen.

4.3 Evaluation metrics

We evaluate point forecasts with three scale-independent measures: Mean Absolute Scaled Error

(MASE, Hyndman & Koehler 2006), symmetric Mean Absolute Percentage Error (sMAPE,

Makridakis & Hibon 2000), and forecast bias (Petropoulos & Siemsen 2023). Bias is the mean

signed test error divided by the in-sample mean. Lower MASE and sMAPE indicate greater

accuracy, whereas bias is judged by its absolute distance from zero. Scale independence permits

aggregation across series.

Average errors can mask heterogeneous method performance, so we compare within-series

MASE ranks using Nemenyi Multiple-Comparisons-with-the-Best (MCB) analysis at the 5%

significance level (Koning et al. 2005). Lower mean ranks indicate better performance, and

methods not significantly different from the best are highlighted.
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4.4 Results

Figure 1 illustrates selection for M1 yearly series YAM14. R and A retain all six post-screen

specifications: no candidate breaches the RCV fence, and accuracy-based deletion fails the stop-

ping threshold. D, autoAD and autoRAD retain three specifications, although the alignment-only

subset differs from the adaptive subsets. Selection thus changes both pool size and composition.
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Figure 1: Forecast subsets for M1 yearly series YAM14. The upper panel compares the equal-
weight point forecasts; the lower panels show the ETS specifications retained by each
configuration and the observed series. Vertical dashed lines separate the training,
validation, and test periods.

Table 2 reports mean test performance by competition. Overall, A and autoAD both reduce

MASE from 1.570 to 1.513, a 3.6% improvement over None; autoRAD is nearly identical at 1.514.
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A records the lowest overall sMAPE. Improvements are more apparent in M1 and M4 than in

M3, while R changes average accuracy little.

The alignment-only rule D produces the bias closest to zero but the highest overall MASE.

A favourable cross-error score alone therefore does not guarantee an accurate combination. The

contrast between D and the two ADT configurations shows the importance of retaining an

explicit individual-MSE term when error complementarity is used for selection.

Table 2: Mean point-forecast performance by competition data set. The final block pools all
usable series without reweighting competitions. Bold denotes the smallest MASE or
sMAPE and the bias closest to zero.

Data set Measure None R A D autoAD autoRAD
M1 MASE 1.693 1.692 1.600 1.634 1.609 1.605

sMAPE 16.157 16.166 15.284 15.872 15.318 15.286
Bias 0.071 0.071 0.058 0.058 0.059 0.059

M3 MASE 1.387 1.386 1.383 1.411 1.385 1.383
sMAPE 13.399 13.385 13.333 13.534 13.330 13.296
Bias 0.014 0.014 0.004 0.004 0.004 0.004

M4 MASE 1.574 1.571 1.516 1.630 1.516 1.517
sMAPE 12.284 12.291 12.132 12.238 12.142 12.146
Bias 0.027 0.029 0.022 0.010 0.022 0.023

Overall MASE 1.570 1.567 1.513 1.624 1.513 1.514
sMAPE 12.352 12.358 12.195 12.308 12.205 12.207
Bias 0.027 0.029 0.022 0.011 0.022 0.023

Figure 2 shows the accompanying pool reduction. R usually leaves the post-screen pool

almost intact, whereas score-based rules remove a substantial share of eligible specifications.
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Figure 2: Distribution of retained ETS forecasts by data frequency. None is the complete
post-screen candidate pool; the other configurations show the additional reduction
produced by each rule-specific criterion.
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Figure 3 complements the mean errors with within-series MASE ranks. Overall, autoAD
has the lowest mean rank, followed closely by A and autoRAD; the difference between autoAD
and A is not statistically significant. Thus, autoAD matches the strong overall performance

of accuracy-based trimming rather than uniformly dominating it. None and R have the least

favourable overall ranks.

The frequency panels show where the rankings separate. The clearest evidence for diversity-

aware trimming occurs in monthly data: autoAD ranks first and significantly outperforms A.

D also ranks ahead of A, although not significantly, suggesting that an alignment adjustment

can be useful in this frequency but works most reliably when paired with an explicit accuracy

term. The differences are small for weekly and daily series, where the MCB procedure cannot

discriminate among the configurations.
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Figure 3: Nemenyi MCB analysis of within-series MASE ranks, overall and by frequency.

4.5 Analysis

4.5.1 The effect of the stopping threshold

The threshold 𝛿 is the minimum relative reduction in average trimming score required for another

deletion. For a fixed score and alignment weight, larger values stop backward elimination no

later and retain at least as many candidates; reselecting the alignment weight can alter this
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relationship. Figure 4 reports MASE over 𝛿 ∈ [0, 0.10] overall and by frequency; None and R
are invariant because they do not use score-based elimination.

Sensitivity is greatest near 𝛿 = 0. Overall MASE for the accuracy-based and ADT configu-

rations declines until approximately 0.04–0.06 and then changes little. The pattern is frequency

dependent: aggressive trimming at very small 𝛿 is detrimental for the yearly and weekly series,

whereas the quarterly and monthly curves have shallow interior minima. The chosen value,

𝛿 = 0.05, lies in a low-error region for most panels, although no single threshold dominates at

every frequency. The smaller yearly pools are especially sensitive because removing even one

specification changes a relatively large share of the combination.
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Figure 4: Sensitivity of mean MASE to the stopping threshold 𝛿, overall and by frequency.
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Among the score-based rules, autoAD performs best for monthly series over most of the grid

and attains the lowest weekly MASE near 𝛿 = 0.06. D is much more frequency dependent and

is particularly uncompetitive for hourly data. These results reinforce the distinction between

exploiting complementarity selectively and optimising error alignment alone.

4.5.2 When does diversity help?

We next use RelDiv as an exploratory descriptor of the conditions under which diversity-aware

trimming adds value. Figure 5 plots bin-level mean performance and the selected ADT weight

across 30 approximately equal-frequency RelDiv bins. Gains of autoAD over None are small in

the lowest bins and positive across much of the middle of the distribution, but the pattern is

not monotonic.

The comparison with A isolates the incremental contribution of error complementarity. Dif-

ferences are negligible and noisy at low RelDiv, become more favourable to autoAD across much

of the middle range, and reverse in the extreme upper tail. This descriptive relationship suggests

that the clearest opportunity for diversity-aware trimming occurs at moderate, not necessarily

maximal, RelDiv.

The selected 𝜅 describes the selection response. In the very lowest bins, autoAD selects

𝜅 = 0 for nearly every series. Positive weights remain uncommon, although not absent, across

the broader low-RelDiv range; their share then increases and exceeds one half in several higher

bins. This pattern is consistent with pool-specific adaptation: the procedure can revert to A
when the validation data do not favour an alignment adjustment.

The fixed groups in Figure 6 provide a more interpretable comparison. In the low-RelDiv

group, D, A, and autoAD have similar ranks, offering little evidence of an incremental benefit

from ADT. In the moderate group, autoAD has the best mean rank and significantly outperforms

A. In the high group, autoAD remains best ranked, but its differences from A and autoRAD are

not significant; D performs poorly despite the high pool-level diversity.

RelDiv is therefore associated with the incremental value of error complementarity, but the

relationship is neither monotonic nor prescriptive. It provides a descriptive indicator of potential

complementarity, particularly in the moderate range, rather than a validated threshold for

choosing a trimming rule.

5 Application to the RAF data

5.1 Data and design

We next evaluate the trimming rules on the Royal Air Force (RAF) aerospace spare-parts data,

available in the fable.intermittent package (Damato et al. 2026). The data comprise 5,000
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Figure 5: RelDiv, autoAD performance, and the selected diversity weight across approximately
equal-frequency bins. Points are bin means. The upper and middle panels report
MASE differences relative to None and A; positive values favour autoAD. The lower
panel reports the share selecting 𝜅 > 0.
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Figure 6: Nemenyi MCB analysis of within-series MASE ranks for low (RelDiv ≤ 0.25), mod-
erate (0.25 < RelDiv < 0.75), and high (RelDiv ≥ 0.75) groups.

monthly demand series with 84 observations each and are established in the inventory and

intermittent-demand literature (Petropoulos & Kourentzes 2015, Kourentzes & Athanasopoulos

2021, Li et al. 2023). Spare-parts forecasting is a persistent production challenge because

intermittency complicates both model choice and inventory control (Jiang et al. 2021, Sanguri
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et al. 2024). This application connects the benchmark analysis to an environment in which

forecasts support spares provisioning and maintenance readiness.

Following Li et al. (2023), the pool contains 12 methods. Six are conventional: Naive, sea-

sonal Naive (sNaive), Simple Exponential Smoothing (SES), Moving Average (MA), ARIMA,

and ETS. Six target intermittent demand: Croston’s method (CRO), optimised Croston

(optCro), the Syntetos–Boylan Approximation (SBA, Syntetos & Boylan 2005), the Teunter–

Syntetos–Babai method (TSB, Teunter et al. 2011), the Aggregate–Disaggregate Intermittent-

Demand Approach (ADIDA, Nikolopoulos et al. 2011), and the Intermittent Multiple-

Aggregation Prediction Algorithm (IMAPA, Petropoulos & Kourentzes 2015).

We remove leading zeros so that each series starts with its first nonzero demand. Forecast

horizons are 3, 6, and 12 months. For each 𝐻 ∈ {3, 6, 12}, the final 𝐻 observations form the

test period and the preceding 𝐻 form the validation period. Each method is estimated before

the validation period to generate validation forecasts, then re-estimated through the end of

validation to generate test forecasts. Negative base forecasts are truncated at zero, consistent

with the nonnegative demand domain. We retain the trimming parameters from Section 4.2.

5.2 Point forecast performance

Table 3 reports mean MASE for the individual methods and trimming configurations. At every

horizon, at least one trimming rule lowers mean MASE relative to None. autoRAD is best at

𝐻 = 3 and 𝐻 = 6, lowering mean MASE by 11.1% and 6.8%, while D is best at 𝐻 = 12 with

a 3.4% reduction and is followed closely by autoAD. At 𝐻 = 3, autoRAD (0.918) also has lower

mean MASE than the best individual method, ADIDA (0.963). At 𝐻 = 6 and 𝐻 = 12, however,

the best trimmed combinations (0.917 and 0.921) do not surpass the Naive method (0.852 and

0.849). The horizon-level means therefore support improvement over the full combination, but

not guaranteed dominance over the strongest individual method.

The RAF pools have relatively low RelDiv. Across horizons, median RelDiv ranges from

approximately zero to 0.1, and 90.0–97.6% of pools satisfy RelDiv ≤ 0.25. Correspondingly,

autoAD selects 𝜅 > 0 for 22.3%, 20.7%, and 13.5% of series at 𝐻 = 3, 6, and 12. The rule

therefore behaves primarily like accuracy-based trimming in this application while retaining the

option to penalise error alignment for a minority of series.

The within-series ranks in Figure 7 add an important qualification. autoAD significantly out-

performs A at all three horizons, although its gains in mean MASE are modest, approximately

1.3–1.6%. These rank improvements are achieved with smaller forecasting crowds: autoAD
retains an average of 5.7, 7.2 and 9.8 of the 12 candidate methods at 𝐻 = 3, 6 and 12, respec-

tively. Adding the RCV screen yields no systematic point-rank advantage despite autoRAD’s
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Table 3: Mean MASE for individual methods and trimming configurations on the RAF data.
Bold denotes the best trimming configuration at each horizon.

Method 𝐻 = 3 𝐻 = 6 𝐻 = 12
Naive 0.997 0.852 0.849
sNaive 1.109 1.032 0.971
SES 1.053 1.013 0.986
MA 0.966 0.963 0.986
ARIMA 1.032 0.991 0.947
ETS 1.019 0.975 0.949
CRO 1.085 1.043 0.997
optCro 1.083 1.042 0.996
SBA 1.080 1.038 0.991
TSB 1.042 1.002 0.965
ADIDA 0.963 0.928 0.909
IMAPA 1.008 0.967 0.924
None 1.032 0.984 0.953
R 1.022 0.981 0.967
A 0.941 0.940 0.937
D 0.937 0.926 0.921
autoAD 0.929 0.925 0.925
autoRAD 0.918 0.917 0.939

lower mean MASE at the two shorter horizons. Its contribution to interval and inventory

performance is examined separately below.
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Figure 7: Nemenyi MCB analysis of within-series MASE ranks at RAF horizons of 3, 6, and
12 months.

5.3 Prediction interval performance

To examine whether a crowd selected for point accuracy also provides useful uncertainty es-

timates, we assess its 95% prediction intervals without further selection or tuning. Following

the implementation accompanying Li et al. (2023), we use native intervals for Naive, sNaive,

SES, ARIMA and ETS, rescale aggregate-model intervals for ADIDA, and add kernel-smoothed

fitted-residual quantiles to the remaining point forecasts. Bounds are truncated at zero. Lower

and upper endpoints are combined separately using their simple average, median or interior-

trimmed mean, as suggested by Grushka-Cockayne & Jose (2020). The last rule removes the

largest ⌊0.2|𝑆|⌋ lower bounds and the same number of smallest upper bounds before averaging,

yielding intervals at least as wide as simple endpoint averaging.
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Table 4 reports coverage and the Mean Scaled Interval Score (MSIS, Gneiting & Raftery

2007) at 𝐻 = 12, which penalises interval width and noncoverage. Lower MSIS is better,

while coverage is assessed by proximity to 95%. autoRAD has the lowest MSIS under all three

combination rules, whereas autoAD has scores close to those of None and A. Among the single-

criterion rules, R has the lowest MSIS under all three combination rules. Coverage differs more

across combination rules than across trimming configurations: simple averaging undercovers,

while median and interior trimming approach 95%. Lower interval scores do not imply better

calibration in every case, and the interval ranking differs from the point-forecast ranking at

this horizon. Additional interval results for 𝐻 = 3 and 𝐻 = 6 are omitted for brevity and are

available from the authors upon request.

Table 4: MSIS and coverage (%) of 95% prediction intervals on RAF at 𝐻 = 12. Bold denotes
the lowest MSIS within each combination rule.

Simple average Median Interior trimmed
Method MSIS Coverage MSIS Coverage MSIS Coverage
None 14.798 83.42 13.931 96.11 14.108 94.69
R 14.659 84.09 13.910 95.92 13.997 94.53
A 14.707 84.21 13.917 96.20 14.110 94.76
D 14.752 83.75 13.913 96.22 14.114 94.74
autoAD 14.701 84.26 13.915 96.21 14.116 94.78
autoRAD 14.531 84.65 13.883 95.95 13.971 94.44

5.4 Inventory performance

We evaluate the selected forecast pools under a monthly order-up-to policy adapted from Wang

& Petropoulos (2016). Forecasts are fixed at the test origin, orders arrive one month after place-

ment, and unmet demand is fully backordered. Order quantities are continuous and nonnegative;

capacity constraints and fixed ordering costs are excluded. For item 𝑗 under configuration 𝑔,

net stock 𝑥𝑗𝑔,𝑡 and the order 𝑜𝑗𝑔,𝑡 placed after demand in month 𝑡 satisfy

𝑥𝑗𝑔,𝑡 = 𝑥𝑗𝑔,𝑡−1 + 𝑜𝑗𝑔,𝑡−1 − 𝑦𝑗,𝑡,

𝑜𝑗𝑔,𝑡 = max{0, 𝑓𝑗𝑔,𝑡+1∣0 + 𝑠𝑗𝑔,𝑡 − 𝑥𝑗𝑔,𝑡}.
(2)

Here, 𝑓𝑗𝑔,𝑡+1∣0 denotes the fixed-origin forecast, and negative 𝑥𝑗𝑔,𝑡 represents backorders. The

safety allowance is updated sequentially as

𝑠𝑗𝑔,𝑡 = Φ−1(𝜏) sd (𝑒valid
𝑗𝑔,1∶12, 𝑒test

𝑗𝑔,1∶𝑡) ,

where Φ is the standard normal distribution function and sd is the sample standard deviation of

errors observed by month 𝑡. Thus, the selected subsets and forecasts remain fixed throughout the

test period, while the safety allowance adapts as new forecast errors become available. We set

the unit holding cost to 𝑐ℎ = 1, consider backorder costs 𝑐𝑏 ∈ {9, 19, 99}, and set 𝜏 = 𝑐𝑏/(𝑐ℎ+𝑐𝑏).
This common safety-stock rule is used to compare the operational consequences of the competing
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forecast pools rather than to optimise the replenishment policy itself; it does not guarantee the

service level implied by 𝜏 .

All configurations start from the same inventory state based on the full-pool combination

(None), with 𝑜𝑗,0 = ̄𝑦valid
𝑗 and 𝑥𝑗,0 = 𝑠None

𝑗,0 + ̄𝑓None,valid
𝑗 − ̄𝑦valid

𝑗 . This common initialisation holds

starting conditions fixed across configurations, although initial stock can affect subsequent costs.

Orders are placed for 𝑡 = 1, … , 11, with no terminal salvage value, and performance is evaluated

over the 12-month test horizon.

For each item, inventory cost is measured as the average monthly holding and backorder cost

over the test period. To facilitate aggregation across items with different demand scales, the cost

is divided by the item’s demand standard deviation over the available history and test period

and then averaged across items. Test demand enters this retrospective scale only, not decisions.

Service is the proportion of item-months ending without backorders, not the demand-weighted

fill rate.

Table 5: Pool size and inventory performance on RAF. Relative cost changes are computed
against the mean standardised cost of None, with negative values indicating savings.
Bold denotes the smallest mean pool size, lowest cost change, or highest no-backorder
rate.

Mean Relative cost change (%) No-backorder rate (%)
Method pool size 𝑐𝑏 = 9 𝑐𝑏 = 19 𝑐𝑏 = 99 𝑐𝑏 = 9 𝑐𝑏 = 19 𝑐𝑏 = 99
None 12.00 0.000 0.000 0.000 94.120 94.642 95.527
R 10.72 -0.195 -0.098 -0.037 94.108 94.637 95.537
A 10.26 -0.368 -0.072 +0.374 94.072 94.597 95.473
D 9.81 -0.245 -0.028 +0.268 94.085 94.597 95.475
autoAD 9.81 -0.444 -0.072 +0.511 94.065 94.588 95.467
autoRAD 9.16 -0.588 -0.175 +0.379 94.077 94.600 95.503

Table 5 reports the resulting pool sizes, inventory costs, and service levels. Both adaptive

methods substantially reduce the forecast pool while maintaining similar service performance.

In particular, autoRAD retains 23.7% fewer models than None and achieves the lowest inventory

cost when 𝑐𝑏 = 9 and 𝑐𝑏 = 19, with reductions of 0.588% and 0.175%, respectively. autoAD also

lowers costs in these two settings while retaining 18.2% fewer models. The no-backorder rate

at 𝑐𝑏 = 19 varies by less than 0.06 percentage points across all configurations, suggesting that

these cost differences are not accompanied by material changes in observed service.

The gains are nevertheless sensitive to the relative cost of backorders. When 𝑐𝑏 = 99, R
yields the lowest cost, whereas both adaptive methods are more costly than None. At 𝑐𝑏 = 19,

autoAD has a 0.0006% higher mean standardised cost than A. A paired percentile bootstrap

with 5,000 item-level resamples gives a marginal 95% confidence interval of [−0.023%, 0.026%]
for this relative difference. The interval assumes independent items and does not establish cost

equivalence.
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The direction of the comparison between autoAD and None persists under the evaluated

alternatives. Excluding the common first month yields a 0.079% cost reduction for autoAD
relative to None at 𝑐𝑏 = 19, while scaling costs by the pretest demand standard deviation gives

a 0.031% reduction over the full test period. Across the evaluated cost ratios, these alternative

specifications preserve the direction of the comparison with None.

Overall, the inventory experiment shows that substantial forecast-pool reduction need not

translate into poorer operational performance. The adaptive trimming methods retain service

levels close to those of the full pool and can reduce inventory costs under moderate backorder

penalties, although the gains are modest and depend on the cost setting.

6 Managerial implications and practical guidance

The empirical results provide a clear starting point for point forecast combinations. When the

primary objective is point accuracy, A remains a transparent and competitive benchmark, while

autoAD provides a natural adaptive extension when validation information is sufficiently rich.

Because the candidate grid includes 𝜅 = 0, autoAD can revert to accuracy-only trimming when

additional error alignment is not supported by validation performance. In practice, this makes

accuracy the baseline criterion while allowing forecast complementarity to contribute when it is

empirically useful. RelDiv can be used as a diagnostic indicator of when such complementarity

may matter, but it should not be interpreted as a mechanical selection threshold. The less

stable performance of D across datasets, horizons, and diversity levels further suggests that error

alignment is better used as a complement to accuracy than as a standalone trimming objective.

The RCV screen should likewise be viewed as an application-specific safeguard rather than a

universally beneficial preprocessing step.

When prediction intervals are also required, the RAF results show that the adaptive trim-

ming methods remain competitive despite being developed primarily for point forecasting. In

particular, autoRAD achieves the lowest MSIS across the interval-combination rules considered,

while the median and interior-trimmed mean yield coverage closer to the nominal level than

simple averaging. These results support evaluating interval quality separately: autoAD largely

preserves the benchmark scores, whereas autoRAD improves them at 𝐻 = 12.

For downstream inventory decisions, the relevant operational loss should be specified before

the final configuration is chosen. The adaptive methods substantially reduce the forecast pool

while maintaining no-backorder rates close to those of the full pool. autoRAD also achieves

the lowest inventory costs at 𝑐𝑏 = 9 and 𝑐𝑏 = 19, although the ranking changes when the

backorder penalty becomes large. Forecast-pool trimming can therefore preserve, and in some

settings improve, downstream operational performance, but the preferred configuration should
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be evaluated against the shortage penalty, service requirement, and loss function relevant to the

application.

7 Conclusions and discussion

This paper asks when a forecasting crowd benefits from being selective. We propose a modular

trimming framework that combines robustness screening with backward selection based on fore-

cast accuracy, error alignment, or both. The ADT criterion allows the role of alignment to adapt

to each forecast pool, while RelDiv provides a descriptive measure of the pool’s initial error di-

versity. The framework therefore offers an interpretable way to construct a smaller forecast

pool rather than leaving pool composition as an implicit outcome of forecast combination.

The empirical results support accuracy as the primary criterion and error alignment as a

useful complement when supported by validation evidence. Across the M-competition data,

autoAD and A perform similarly in mean MASE, while autoAD achieves the lowest mean rank

and shows clearer gains for monthly series and pools with moderate diversity. The gains are

not monotonic in RelDiv, suggesting that diversity is better used as a diagnostic of potential

complementarity than as a mechanical rule for selecting a trimming method. The RAF results

reinforce this conclusion in an intermittent-demand setting, where autoAD consistently improves

on A in point-forecast rankings across horizons.

The interval and inventory experiments assess whether smaller pools retain value beyond

point forecasting. At 𝐻 = 12, both autoAD and autoRAD remain competitive for interval

prediction, with autoRAD achieving the lowest MSIS across the interval-combination rules con-

sidered. In the inventory experiment, both adaptive methods substantially reduce the pool

while maintaining service levels close to those of the full pool and reducing costs under moder-

ate backorder penalties, with autoRAD achieving the largest savings. These gains do not persist

uniformly when the backorder penalty becomes large, indicating that the preferred configuration

can depend on the downstream objective. The results support smaller forecasting crowds with

comparable observed performance in several settings, but no configuration dominates across all

evaluation criteria.

This study has several limitations that also suggest directions for future research. First, the

proposed framework focuses on subset construction under equal-weight combinations, leaving

open how adaptive trimming interacts with estimated combination weights and other aggrega-

tion schemes. Second, the analysis evaluates forecast-pool quality primarily through predictive

performance, while operational applications may benefit from selecting pools directly against

downstream decision losses and service objectives. Third, the empirical evidence is drawn from

benchmark forecasting data and one intermittent-demand application, so broader validation
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across industries, forecast architectures, and probabilistic settings would help establish the gen-

erality of the approach. Future research could therefore extend adaptive accuracy-diversity

trimming to weighted and probabilistic forecast combinations and integrate pool selection more

directly with decision-oriented objectives.
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