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A B S T R A C T

Despite substantial advances in artificial intelligence (AI), forecasting systems in practice often remain anchored 
in traditional, siloed approaches, leaving managers with unreliable and inconsistent signals for decision-making. 
Such forecasts tend to exacerbate the bullwhip effect, inflate safety stocks and generate significant inefficiencies 
in working capital and logistics costs. In fast-moving consumer goods (FMCG) supply chains, forecasts that fail to 
reach a minimum level of reliability are of limited value for operational planning, whereas sufficiently accurate 
forecasts provide a dependable foundation for managerial decisions. This practice-oriented study examines 
whether joint AI-based forecasting, combining downstream retailer data with advanced machine-learning 
techniques, enables firms to consistently achieve forecast reliability levels that are suitable for planning. 
Drawing on a unique dataset from a Central European manufacturer-retailer partnership, we compare three 
forecasting scenarios: a Manufacturer baseline forecast based on traditional statistical methods (ARIMA) applied to 
shipment data; a Manufacturer AI forecast using machine-learning models (XGBoost) trained exclusively on 
shipment data; and a Joint AI forecast in which machine-learning models (XGBoost) are trained on retailer 
warehouse outbound data. The analysis shows that Joint AI reduces total absolute error by 44.7% relative to 
Manufacturer AI on the test-data basis (cluster-bootstrap 95% CI: 27.8–57.3%). Under the stricter common- 
demand benchmark, the reduction relative to Manufacturer AI remains statistically robust at 21.2% (95% CI: 
4.4–35.7%). The advantage over the traditional Manufacturer baseline is positive in point estimate but not 
statistically established on the common-demand benchmark. Taken together, the results indicate that, within the 
scope of the dyad and the two algorithmic approaches examined, collaborative data access shifts forecast errors 
most where their operational and financial consequences are largest, concentrating the gains of AI-based fore
casting in the high-volume core of the product portfolio.

1. Introduction

Demand forecasting lies at the core of supply chain planning as 
production scheduling, inventory positioning, capacity allocation and 
transport planning all depend on the ability to anticipate future demand 
with sufficient accuracy and consistency [1]. Despite decades of meth
odological advances, however, forecasting remains a persistent source of 
inefficiency in many supply chains [2,3]. Forecast errors continue to 

propagate upstream, amplifying variability, inflating inventories and 
undermining service performance, in particular in fast-moving con
sumer goods (FMCG) environments characterized by high product va
riety, frequent promotions and volatile demand patterns [4,5].

Recent advances in artificial intelligence (AI) have renewed opti
mism that long-standing forecasting challenges can finally be overcome 
[6-8]. Machine learning techniques promise superior pattern recogni
tion, the ability to model nonlinear demand drivers and improved 
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responsiveness to contextual factors such as promotions or seasonality 
[9-11]. AI-based forecasting tools are increasingly promoted as a tech
nological solution to the chronic limitations of traditional statistical 
approaches, however, despite these advances, many organizations 
continue to struggle with unreliable forecasts, even after adopting so
phisticated analytical models [12].

We argue that this apparent problem space points to a deeper and 
rather underexplored issue, that is, forecasting accuracy is constrained 
not only by algorithms, but mainly by the organizational boundaries 
that shape access to demand information [13]. In practice, most fore
casts are still developed within firm-level silos, relying on upstream 
shipment data that is temporally lagged and distorted by inventory 
policies, batching behavior, and ordering heuristics [14,15]. As a 
consequence, even advanced AI models are often trained on signals that 
only imperfectly reflect actual consumer demand.

Supply chain collaboration research has long argued that informa
tion sharing between manufacturers and retailers can mitigate demand 
distortion and reduce the bullwhip effect [16]. When firms collaborate 
for forecasting - or what is called ‘joint forecasting’ - they share demand 
signals that reduce distortion, improve planning and cut ‘waste’ across 
the chain by bringing forecasts closer to downstream demand signals 
[17]. However, empirical evidence on how collaboration interacts with 
modern AI-based forecasting remains limited, in particular in FMCG 
supply chains. In such environments, forecast errors are not evenly 
distributed across products as high-volume items dominate sales, lo
gistics flows and inventory exposure, meaning that forecasting errors for 
these products have disproportionate operational and financial conse
quences. As a result, we know surprisingly little about whether and how 
collaborative forecasting can reshape performance in FMCG supply 
chains.

Against this backdrop, this study argues that forecasting should be 
reconceptualized as an interorganizational capability rather than a firm- 
level analytical function. We propose that AI-based forecasting delivers 
its greatest value not when deployed in isolation, but when embedded in 
collaborative arrangements that provide access to downstream demand 
signals. From this perspective, AI does not substitute for collaboration, 
but rather amplifies the benefits of shared data by transforming richer 
demand signals into actionable forecasts.

To examine this argument empirically, we conduct a comparative 
analysis of three forecasting approaches in an FMCG supply chain (see 
Fig. 1): (i) a traditional manufacturer baseline forecast based on statis
tical methods (ARIMA)1– also called solo forecast, (ii) a manufacturer- 
only AI forecast trained on upstream shipment data – also called solo 
AI forecast, and (iii) a joint AI forecast, trained on the basis of warehouse 
outbound data from downstream retailers, both executed with the same 
XGBoost2 data model, which processed weather, promotions and cal
endar events. Using a unique dataset covering 87 SKUs over 36 months, 
we evaluate forecasting performance over a three-month test horizon. 
The research design isolates the effect of collaboration by holding model 
architecture, forecast horizon, and evaluation metrics constant across 
scenarios.

Our analysis focuses on three interrelated performance dimensions. 
First, we assess overall forecasting accuracy using both absolute and 
relative error metrics. Second, we examine volume-weighted perfor
mance, highlighting how forecasting improvements are distributed 
across high- and low-volume products. Third, we evaluate forecast sta
bility, capturing the consistency of forecasting performance across time 
and products, an often-neglected, but operationally critical dimension.

This study makes three contributions: First, prior forecasting 
research has evaluated AI-based methods largely within firm-internal 

data settings, leaving it unclear whether reported AI performance 
gains stem from algorithmic sophistication or from the quality of the 
underlying demand signal. By holding model architecture (XGBoost) 
constant across a manufacturer-only and a joint (retailer-informed) 
scenario, we isolate the effect of data provenance from the effect of al
gorithm choice - a design that, to our knowledge, has not been applied in 
the FMCG joint-forecasting context. Second, whereas the collaborative- 
forecasting literature treats information sharing largely as a contextual 
enabler of performance, we show empirically that AI's forecasting gains 
only materialize once it is embedded in a data-sharing arrangement, 
repositioning AI as an amplifier of collaboration rather than a substitute 
for it. Third, while forecasting studies typically rely on average error 
metrics that treat all SKUs as equally consequential, we introduce a 
volume-weighted and stability-oriented evaluation lens, showing that 
collaboration's benefits concentrate precisely where operational and 
financial exposure is highest — a pattern invisible to conventional MAE/ 
MAPE-based comparisons.

The remainder of the paper is structured as follows. Section 2 reviews 
the literature on forecasting, AI, and supply chain collaboration and 
develops the theoretical grounding for the study. Section 3 outlines the 
research design, data, forecasting scenarios and evaluation metrics. 
Section 4 presents the empirical results. Section 5 discusses the theo
retical and managerial implications of the findings. Section 6 concludes 
with limitations and directions for future research.

2. AI Forecasting and Supply Chain Collaboration

Demand forecasting has long been recognized as a foundational 
capability in supply chain management [3,18]. Forecasts shape pro
duction planning, inventory positioning, capacity allocation, and 
transportation decisions, thereby influencing cost efficiency, service 
levels and overall supply chain performance [2]. Despite decades of 
methodological advances, however, forecasting accuracy remains a 
persistent challenge, particularly in environments characterized by 
volatile demand, frequent promotions, and high product variety [5]. 
This section reviews the literature on forecasting, artificial intelligence 
and supply chain collaboration and develops four interrelated theoret
ical propositions that motivate the present study. The four propositions 
developed in this section guide the directional interpretation of the 
empirical results. We examine whether the observed performance dif
ferences are consistent with each proposition’s predicted direction and 
complement this pattern-based assessment with inferential robustness 
checks where SKU-level error data allow.

2.1. Forecasting as a firm-centric function versus interorganizational 
demand reality

The forecasting literature has traditionally conceptualized demand 
prediction as a firm-internal analytical function or what we call solo 
approaches. Classical work focuses on improving forecast accuracy 
through statistical model selection, parameter tuning and the refinement 
of internal data processes [19]. Within this stream of literature, fore
casting performance is typically treated as the outcome of methodo
logical sophistication applied to historical demand or shipment data 
available within the firm [1].

In contrast, supply chain research has consistently demonstrated that 
demand uncertainty is inherently interorganizational. The bullwhip ef
fect literature shows that demand variability is amplified as information 
moves upstream across organizational boundaries, driven by order 
batching, inventory policies, lead times and information delays [20]. 
Importantly, these distortions do not originate within individual firms, 
but emerge from interactions between manufacturers, distributors and 
retailers. As a result, the demand signals observed by upstream actors 
often diverge substantially from actual consumer purchases [21].

This creates a fundamental tension in the literature and in practice. 
While demand distortion is widely acknowledged as an 

1 ARIMA: ‘AutoRegressive Integrated Moving Average’, a classical statistical 
time-series forecasting method.

2 XGBoost: ‘eXtreme Gradient Boosting’, a machine-learning method based 
on gradient-boosted decision trees.
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interorganizational phenomenon, forecasting models are typically 
developed and evaluated within organizational silos [22,23]. Collabo
rative practices such as CPFR (Collaborative Planning, Forecasting, and 
Replenishment), vendor-managed inventory and shared sell-through 
data are discussed extensively in the collaboration literature, yet their 
implications for forecasting performance are often treated as contextual 
enablers rather than as core determinants of forecast quality [24,25]. 
Forecasting thus remains conceptually anchored at the firm level, even 
as demand uncertainty spans organizational interfaces. In other words, 
forecasting approaches developed in isolation may be structurally 
limited in their ability to capture true demand dynamics, i.e. if demand 
distortion arises between organizations, then forecasting arrangements 
that remain confined within organizational boundaries are unlikely to 
fully resolve forecasting inaccuracies. 

Proposition 1. AI-enabled joint forecasting approaches outperform non- 
collaborative (solo) forecasting approaches in terms of overall forecast 
accuracy.

2.2. Algorithmic sophistication versus organizational data boundaries

Recent advances in artificial intelligence have intensified interest in 
AI-based forecasting as a means of overcoming long-standing forecasting 
challenges. Machine learning techniques, including gradient boosting 
and neural networks, offer enhanced capabilities for capturing nonlinear 
relationships, interaction effects and complex demand patterns [26]. 
Numerous studies report that AI-based models outperform traditional 
statistical approaches, reinforcing the perception that forecasting limi
tations are primarily technical in nature [7].

However, this literature often implicitly assumes that data avail
ability and data quality are given. In practice, access to demand data is 
shaped by organizational boundaries, governance arrangements and 
power relations along the supply chain. Many AI-based forecasting 
systems are trained on upstream shipment or order data, which are 
temporally lagged and distorted by inventory decisions and ordering 
heuristics [25]. While AI models may extract richer patterns from such 
data, they remain constrained by the informational quality of the un
derlying demand signal.

Despite this, empirical studies rarely distinguish between AI fore
casting in collaborative versus non-collaborative settings. Algorithmic 
performance improvements are often attributed to model sophistication 
without systematically accounting for differences in data provenance. As 

a result, it remains unclear whether AI improves forecasting because of 
its analytical capabilities per se, or because it enables the exploitation of 
richer demand information when downstream data are available. This 
gives rise to a second tension: AI enhances analytical capability, but does 
not resolve the organizational data boundaries that shape forecasting 
inputs. Understanding the role of AI in forecasting therefore requires 
examining how advanced analytics interact with interorganizational 
collaboration, rather than treating AI as a standalone solution. 

Proposition 2. AI-based forecasting models trained on upstream shipment 
data do not deliver comparable performance improvements to AI models 
trained on collaboratively shared downstream demand data.

2.3. Average forecast accuracy versus operational and economic 
relevance

A third tension concerns how forecasting performance is conceptu
alized and evaluated. The dominant approach in the forecasting litera
ture relies on average error metrics such as MAE, MAPE or RMSE. These 
metrics implicitly assume that all forecast errors are equally conse
quential, regardless of where they occur within the product portfolio or 
over time.

From an operational perspective, however, forecast errors are 
economically asymmetric. High-volume products dominate sales reve
nues, logistics flows and inventory exposure, meaning that forecasting 
errors for these products carry disproportionately large operational and 
financial consequences. Errors in low-volume or niche products, by 
contrast, may have limited impact even when percentage deviations are 
large. Despite this, relatively little research explicitly examines how 
forecasting improvements are distributed across products or evaluates 
performance using volume-weighted measures.

In addition, the literature has paid limited attention to forecast sta
bility as a performance dimension. Forecasts that are occasionally ac
curate but highly volatile can undermine planning processes, trigger 
frequent replanning and erode managerial trust. Yet most studies focus 
on point accuracy at a given horizon rather than on the consistency of 
forecasting performance across time and products. This focus on average 
accuracy obscures questions of forecast usability and economic rele
vance, particularly in high-velocity environments such as FMCG supply 
chains. A more nuanced understanding of forecasting performance re
quires accounting for both the distribution of errors across product 
portfolios and the stability of forecasts over time. 

Fig. 1. Forecasting approaches considered in this study.
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Proposition 3. The performance advantages of joint AI forecasting are 
disproportionately concentrated in high-volume products, where forecasting 
errors carry greater operational and economic consequences.

Proposition 4. Joint AI forecasting approaches exhibit greater forecast 
stability over time and across products than non-collaborative forecasting 
approaches.

3. Methodology

With this study, we aim to give the reader a more nuanced under
standing to what extent joint AI-forecasting can improve prediction 
accuracy compared to non-collaborative approaches in an FMCG supply 
chain. To do so, we use an extensive and rarely accessible dataset, ob
tained through a collaboration between a large grocery retailer, oper
ating thousands of stores across Central Europe and a snack 
manufacturer supplying a portfolio of savory products in Austria. The 
collaboration for the joint forecasting comprises an information ex
change where the retailer shares warehouse inventory and outbound 
data (akin to Vendor Managed Inventory (VMI), but without relin
quishing order control), thereby enabling the manufacturer to generate 
forecast models based on these downstream signals [21]. It is important 
to note that the research team included two industry practitioners 
working for an AI-forecasting provider in Vienna specializing in FMCG 
supply chains, who developed and implemented the forecasting models 
tested in this study. Their involvement, combined with academic part
ners, reflects what Stank et al. [27] describe as the formula for foun
dational work: collaboration between researchers and practitioners to 
tackle problems that matter in practice as well as in theory.

3.1. Data collection

The two partners, below referred to as “manufacturer” and “retailer”, 
agreed to share selected historical operational data for 36 months for 87 
stock-keeping units (SKUs). Two data streams for the forecasting were 
collected: 

Manufacturer shipment data: daily shipment from the manufacturer 
to the retailer’s warehouses: the data represent what the manufac
turer sees as demand.
Retailer warehouse data: daily shipments from the warehouses to 
retail stores - the outbound volumes are closer to consumer demand 
and thus serve as the downstream signal for joint forecasting.

Extensive data preparation was necessary to align the datasets. The 
partners unified product identifiers, harmonized date formats and 
ensured that the same 87 SKUs were present in each stream.

3.2. Forecasting methodologies

It is crucial to ensure that the AI-forecast models are trained properly 
in order to forecast the future with a certain precision. To train the al
gorithm of AI-forecast model, Circly’s AI algorithm utilizes gradient 
boosting (XGBoost), that is, a machine learning technique that incre
mentally builds decision-tree models to minimize forecast errors and 
capture complex nonlinear patterns from a combination of historical 
sales patterns with contextual factors such as weather, promotions and 
other relevant factors. This study focused solely on the factors of 
weather, calendar information and promotions. This integration allows 
the model to detect demand patterns like seasonality and generate more 
accurate forecasts of future demand. It is important to note that AI- 
forecasting models in the context of time-series forecasting can usually 
not be pre-trained, thus it can be argued that the better and further the 
quality of downstream information exchange between partners along 
the supply chain, the better the algorithm can be trained and subse
quently leading to the higher prediction accuracy.

(i) Manufacturer Forecast: the manufacturer’s internal statistical 
baseline and promotional uplift forecast (ARIMA) based on daily ship
ments to the retailers’ warehouses. The forecast scenario provides a 
monthly forecast for each SKU based on historical shipments based on a 
typical moving‑average or exponential smoothing approach,

(ii) Manufacturer AI Forecast: an AI‑based forecasting model 
trained (incl. gradient boosting & time‑series features) exclusively on 
the manufacturer’s daily shipment data to the retailer warehouses. 
Forecasts were produced using a rolling horizon, i.e. on a monthly basis.

(iii) Joint AI Forecast (based on retail outbound data): uses the 
same AI model architecture as in (ii), but trained on retailer warehouse 
outbound data to the retail shops, representing more accurate consumer 
data. In this joint scenario, we assume that the manufacturer has access 
to the retailers’ downstream outbound volumes through a collaborative 
agreement. Forecasts were likewise generated on a rolling monthly 
basis.

Forecasts were generated at the manufacturer aggregation level (i.e., 
total predicted shipments by SKU and month) for 87 stock-keeping units 
(SKUs) over a three-month horizon (January-March 2025), reflecting 
the manufacturer’s planning perspective.

Let i = 1, …, N index the stock-keeping units (SKUs), with N = 87, 
and let t index months within the study horizon. We write yi,t for the 
realized demand of SKU i in month t, measured as the actual orders 
placed by the retailer's warehouses with the manufacturer (the common 
evaluation benchmark), yship

i,t for the manufacturer's daily shipments to 
the retailer's warehouses aggregated to month t, and yout

i,t for the retailer's 
daily warehouse outbound volumes to its stores aggregated to month t. 
Forecasts are one-step-ahead at monthly granularity; ŷ(s)

i,t+1 denotes the 
forecast of scenario s ∈ {1, 2, 3} for SKU i and month t + 1, and 
ei,t = ŷi,t − yi,t the corresponding forecast error.

The three forecasting scenarios differ in exactly two design di
mensions: the hypothesis class of the forecasting function and the 
provenance of the training data. Scenario 1 (Manufacturer) applies a 
classical linear time-series model to the manufacturer's own shipment 
history; Scenario 2 (Manufacturer AI) applies a gradient-boosted tree 
ensemble to the same shipment history augmented with exogenous 
features; Scenario 3 (Joint AI) applies the identical tree ensemble and 
identical feature construction to the retailer's warehouse outbound se
ries obtained through the collaborative data-sharing arrangement. 
Formally, 

ŷ(1)
i,t+1 = fARIMA

i

(
yship

i,1:t

)
(1) 

ŷ(2)
i,t+1 = fXGB

(
xship

i,t

)
, xship

i,t = φ
(

yship
i,1:t , zi,t

)
(2) 

ŷ(3)
i,t+1 = fXGB

(
xout

i,t

)
, xout

i,t = φ
(

yout
i,1:t , zi,t

)
(3) 

where φ(⋅) denotes the shared feature-construction map defined in Eq. 
(13) and the exogenous covariates are weather, promotions and calen
dar variables. Because Scenarios 2 and 3 share the hypothesis class, the 
feature map φ, the training procedure, and the rolling-origin protocol, 
and differ solely in the input series, their comparison isolates the effect 
of data provenance: it constitutes a data-provenance ablation in which 
the collaborative input signal is the single manipulated factor.

All comparative evaluation is conducted at the SKU–month level. 
This choice is not a data limitation but reflects the decision-relevant 
granularity of the setting: the manufacturer's operational planning 
runs on a monthly cycle within a commercial demand-planning system, 
so monthly forecasts are the quantities that enter production, inventory, 
and capacity decisions. The collaborative arrangement, by contrast, 
makes forecasting at daily granularity feasible for the first time, because 
the retailer's warehouse outbound data provide consumption-near sig
nals at daily resolution — a level of detail that shipment data, tempo
rally distorted by order batching and inventory policies, cannot supply. 
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Daily forecasting capability is therefore itself an outcome of the 
collaboration rather than a precondition of it; exploiting this finer 
granularity operationally is a natural avenue for future work, while the 
present evaluation deliberately remains at the granularity at which the 
manufacturer's planning decisions are actually made.

3.3. Model selection and disclosure constraints

The two model classes represent the two dominant paradigms of 
practice-facing demand forecasting and occupy deliberately different 
points in the bias–variance and interpretability–flexibility trade-offs. 
ARIMA restricts the hypothesis space to linear dependence on the se
ries’ own past and past innovations under stationarity after differencing; 
this yields low estimation variance on short series, transparent param
eters and low maintenance cost, but introduces structural bias whenever 
demand responds nonlinearly to promotions, weather or calendar ef
fects. Gradient-boosted tree ensembles remove the linearity and statio
narity restrictions and approximate interactions between lagged 
demand and exogenous covariates; the regularization in Eq. (9) controls 
the associated variance, but the model class requires more data, monthly 
retraining and sacrifices parameter-level interpretability. Deep sequence 
architectures, such as LSTM or Transformer-based models, were 
excluded because their sample complexity exceeds the available his
torical window and because introducing an additional algorithmic de
gree of freedom would confound the data-provenance effect the design 
isolates. The pairing of one representative of each paradigm, with the 
machine-learning representative held fixed across the two data condi
tions, is therefore the minimal design that separates the contribution of 
algorithmic flexibility from the contribution of collaborative data 
access.

It should be noted that the XGBoost models used in this study were 
developed and operated on our industry partner's proprietary fore
casting platform. As the underlying model architecture and feature- 
weighting logic constitute commercially sensitive intellectual prop
erty, feature-level diagnostics (e.g., gain-based importance scores or 
SHAP values) could not be extracted or disclosed as part of this collab
oration. The forecasting models were retrained on a rolling monthly 
basis using a fixed feature set (weather, promotions, and calendar 
events) held constant across the Manufacturer AI and Joint AI scenarios; 
no feature selection procedure was applied beyond this fixed specifica
tion, and hyperparameter configuration was managed internally by the 
forecasting platform rather than tuned or exposed for this study. As with 
the feature-interpretability constraint above, this reflects the boundary 
of what a proprietary, production-grade forecasting system can disclose 
in an applied research collaboration.

Eqs. (4)–(13) report the mathematical specification of the model 
classes, objective function, regularization logic, learning procedure and 
feature construction used for analytical transparency, while proprietary 
implementation-level details, including exact hyperparameter values, 
platform-specific feature transformations, feature-weighting rules and 
feature-importance diagnostics, remain outside the disclosure scope of 
this collaboration for confidentiality and commercial reasons.

From a computational-complexity standpoint, ARIMA estimation 
scales approximately linearly with series length per SKU and is fitted 
independently for each of the 87 SKUs, making it lightweight to run and 
refresh on a rolling basis even without specialized infrastructure. 
XGBoost's training cost scales with the number of boosting rounds, tree 
depth, and training-sample size, and — because a separate model is 
retrained monthly for each SKU under a rolling horizon — its aggregate 
computational demand is substantially higher than ARIMA's, even 
though each individual model remains fast to train on datasets of the size 
used here (33 months of daily data per SKU). Inference (generating a 
forecast from an already-trained model) is fast for both methods; the 
higher cost of XGBoost lies in training and periodic retraining, not in 
producing forecasts. We do not report exact runtimes, as these depend 
on the proprietary platform's infrastructure and implementation 

choices, which fall outside the disclosure scope of this collaboration; 
however, the qualitative complexity ordering (ARIMA lighter, XGBoost 
heavier, particularly at the retraining stage) holds independent of 
implementation details.

The Manufacturer scenario employs an autoregressive integrated 
moving-average model ARIMA(p, d, q), estimated independently per 
SKU. Writing B for the backshift operator, Bkyt = yt− k, the model is 

φp(B) (1 − B)d yt = θq(B) εt (4) 

φp(B) = 1 − φ1B − φ2B2 − ⋯ − φpBp (5) 

θq(B) = 1 + θ1B + θ2B2 + ⋯ + θqBq (6) 

with εt ∼ WN
(
0, σ2) white noise. Here p is the autoregressive order 

(dependence of current demand on its own p most recent values), d the 
degree of differencing required to render the series stationary, and q the 
moving-average order (dependence on the q most recent shocks). The 
model assumes that, after D-fold differencing, the series is covariance- 
stationary and its dynamics are adequately captured by a linear com
bination of past values and past innovations; the roots of φ and θ lie 
outside the unit circle (stationarity and invertibility). Orders are selected 
per SKU by information-criterion-based search on the training window. 
These assumptions — linearity and stationarity — are exactly what 
restrict ARIMA's ability to exploit nonlinear promotional uplifts or 
exogenous drivers such as weather, motivating the machine-learning 
alternative.

Scenarios 2 and 3 employ gradient-boosted regression trees in the 
XGBoost formulation [28]. The prediction for feature vector xi is an 
additive ensemble of K regression trees, 

ŷi =
∑K

k=1
fk(xi), fk ∈ F (7) 

where F is the space of regression trees, each mapping an input to one of 
T leaf weights w ∈ RT . Training minimizes a regularized objective that 
trades data fit against ensemble complexity, 

L(φ) =
∑

i
l(yi, ŷi) +

∑

k

Ω(fk) (8) 

Ω(f) = γT +
1
2

λ ‖w‖
2 (9) 

with l a differentiable convex loss (squared error in the regression 
setting), γ penalizing the number of leaves T, and λ an L2 penalty on leaf 
weights. The ensemble is built stagewise. At boosting round k, with gi =

∂ŷ(k− 1) l
(
yi, ŷ

(k− 1) ) and hi the first and second derivatives of the loss with 
respect to the previous-round prediction, the objective is approximated 
to second order, 

L(k) ≈
∑n

i=1

(

gi fk(xi)+
1
2
hi f2

k(xi)

)

+Ω(fk) (10) 

For a fixed tree structure with instance set Ij in leaf j, the optimal leaf 
weight and the resulting split gain follow in closed form, 

w∗
j = −

Gj

Hj + λ
,Gj =

∑

i∈Iⱼ
gi,Hj =

∑

i∈Iⱼ
hi (11) 

Gain =
1
2

[
G2

L
HL + λ

+
G2

R
HR + λ

−
(GL + GR)

2

HL + HR + λ

]

− γ (12) 

Trees are grown greedily by maximizing this gain over candidate 
splits; γ acts as the minimum gain required to add a leaf, and λ shrinks 
leaf weights. In the forecasting application, one model per SKU is 
retrained monthly under the rolling-origin protocol described in Section 
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3.4, mapping the feature vector defined in Eq. (13) to next-month de
mand. Hyperparameter configuration is managed internally by the 
forecasting platform and is therefore reported at the level of the model 
class rather than as tuned values; this preserves the disclosure boundary 
of the industry collaboration without affecting the analytical formula
tion above.

3.4. Forecast Performance and evaluation metrics

Forecast performance is divided into two dimensions a) prediction 
accuracy, representing the degree to which forecasted values correspond 
to the actual observed outcomes, and b) stability, reflecting the consis
tency of this accuracy over time.

Forecast accuracy was assessed through two complementary evalu
ation targets. First, we used rolling-origin backtesting [29] over the 
three-month out-of-sample window. For each forecast origin preceding 
January, February and March 2025, models were estimated using only 
information available at that origin and produced one-step-ahead 
monthly forecasts. Second, all scenarios were evaluated against actual 
demand orders, i.e., the realized orders placed by the retailer’s ware
houses with the manufacturer, to provide a common benchmark across 
forecasting approaches.

Both machine-learning scenarios use the identical feature map φ, 
applied to the respective input series. For SKU i at forecast origin t, the 
feature vector concatenates four groups, 

xi,t =
[
yi,t− 1, …, yi,t− L; ct ; pi,t ;wt

]
(13) 

comprising (i) autoregressive lags of the target series up to order L, (ii) 
calendar features ct encoding month, holiday and season indicators, (iii) 
promotion indicators pi,t at SKU level, and (iv) weather covariates wt. 
The feature set is fixed a priori and held constant across the Manufac
turer AI and Joint AI scenarios; no scenario-specific feature selection is 
applied.

Let the study horizon comprise months 1, …, T, with the final three 
months forming the out-of-sample evaluation window. Define the set of 
forecast origins T as the months preceding January, February and 
March 2025. For each origin τ ∈ J and each scenario s, the model is re- 
estimated on the training window ending at τ and produces the one-step- 
ahead monthly forecast 

ŷ(s)
i,τ+1 = f (s)τ

(
D

(s)
i,1:τ

)
(14) 

so that estimation uses only information available at the forecast origin 
(out-of-sample backtesting). Under this protocol, each of the 87 SKUs 
contributes three out-of-sample forecast–actual pairs per scenario, 
evaluated against the realized demand orders. The training windows 
span multiple seasonal cycles, and calendar, promotion and weather 
features are included to allow the models to capture recurring seasonal 
structure. The three-month evaluation window is therefore the out-of- 
sample test period, not the full period from which the models learn. 
Machine-learning models are retrained at every origin; the feature map 
and hyperparameter configuration remain fixed across origins and 
scenarios.

To assess the prediction accuracy, we used both absolute and relative 
error measures. Absolute metrics evaluate the magnitude of errors 
regardless of scale, while relative metrics normalize errors by dividing 
by actual values. Table 1 shows the metrics that were computed for each 
dataset and forecast horizon.

Stability was assessed by examining the standard deviation and 
interquartile range of errors across SKUs and over time, as well as the 
coefficient of variation of monthly MAE. All metrics were computed at 
the manufacturer aggregation level and averaged over the three‑month 
period.

To assess robustness, we complement the descriptive error metrics 
with inferential tests based on the SKU-level error structure. We use 

cluster-bootstrap confidence intervals, resampling SKUs to preserve 
within-SKU dependence across months, for the volume-weighted total 
absolute error reductions. We also report paired Wilcoxon signed-rank 
tests at the SKU level to assess whether improvements are uniformly 
distributed across the portfolio. Together, these analyses distinguish 
volume-weighted robustness from per-SKU uniformity and therefore 
directly support the interpretation of Proposition 3.

With forecast errors ei,t = ŷi,t − yi,t over the n = 261 SKU–month 
cells of the evaluation window (87 SKUs × 3 months), accuracy is 
measured by 

TAE = i, t
∑

∣ei, t∣,MAE = n1i, t
∑

∣ei, t∣ (15) 

TSE = i, t
∑

ei, t,ME = n1i, t
∑

ei, t (16) 

RMSE = n1i, t
∑

ei, t2 (17) 

sMAPE =
100
n

∑

i,t

2|ei,t |

|yi,t | + |ŷi,t |
(18) 

WMAPE = 100⋅

∑

i,t
|ei,t |

∑

i,t
yi,t

(19) 

R2 = 1 −

∑

i,t
e2

i,t

∑

i,t

(
yi,t − y

)2 (20) 

TAE and MAE capture aggregate and average absolute deviation; TSE 
and ME the direction of bias; RMSE emphasizes large deviations; sMAPE 
bounds relative errors symmetrically; WMAPE weights relative error by 
realized volume and is therefore the primary relative measure in a 
portfolio in which error consequences scale with volume; R² measures 
variance explained relative to a mean benchmark. MAPE and MSLE, 
together with the stability measures (standard deviation, interquartile 
range and the coefficient of variation of monthly MAE), are defined in 
Appendix A.1.

3.5. Administration/AI Forecast Implementation

Typically, retailers and manufacturers rarely share data, so it is 

Table 1 
Evaluation metrics.

Name Acronym Description

Total Absolute Error TAE the sum of absolute errors over the forecast 
horizon, capturing the aggregate deviation 
between forecasted and actual quantities

Mean Absolute Error MAE the average absolute error per observation
Total Signed Error TSE or 

bias
the sum of signed errors, indicating over‑ or 
under‑forecasting tendencies

Mean Error ME the average signed error
Root Mean Squared 

Error
RMSE the square root of the mean squared error, 

emphasizing larger deviations
Mean Absolute 

Percentage Error
MAPE average absolute percentage error, sensitive 

to low volumes; if the metric diverges due to a 
zero-baseline value, it defaults to Absolute 
Error (AE)

Symmetric MAPE sMAPE a bounded alternative to MAPE that 
symmetrically scales the error

Weighted MAPE WMAPE the sum of absolute errors divided by the sum 
of actual quantities, mitigating distortions 
from small denominators

Coefficient of 
determination

R² proportion of variance explained by the 
forecast relative to a naive mean model

Mean Squared 
Logarithmic Error

MSLE the squared difference between log- 
transformed quantities, penalizing large 
relative errors, especially underestimation
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important to mention two crucial intermediaries involved in the project: 
a) the forecast models were implemented and administered by the 
neutral AI provider Circly [30], based in Vienna, Austria, specializing in 
FMCG supply chains (two co-authors are actively involved at Circly), 
and b) the project was facilitated as part of a Joint Forecasting working 
group named the ‘Efficient Consumer Response‘ (ECR) Austria [31]. As 
part of the project, data‑sharing agreements were established to protect 
confidentiality and ensure compliance with competition law. The 
involvement of neutral third parties ensured that neither partner had 
undue influence over the modelling process, thereby facilitating trust 
around the data sharing.

4. Results

The dataset combined information from a leading snack manufac
turer in Austria, supplying a broad portfolio of savory products, and a 
large grocery retailer with hundreds of stores across Central Europe. It 
covered 87 products (SKUs) and included three months (January-March 
2025) of recent sales and shipment data, including both regular weeks 
and promotion weeks, thereby providing a realistic challenge for fore
casting models. As described in Section 3.4, all models were evaluated 
over the January–March 2025 out-of-sample window using a rolling- 
origin design. To ensure transparency, we report the forecasting 
models used, the full set of error metrics, and the backtesting procedure 
in detail (Section 3.4). The cumulative error distributions reported in 
Fig. 2 additionally allow readers to assess whether performance gains 
are concentrated in a small number of SKUs or extreme observations, 
rather than being driven by a few outliers.

Table 2 summarizes absolute error metrics when forecasts are 
compared against their respective test datasets. The ‘Joint AI’ fore
casting model consistently delivers lower errors than either the ‘Manu
facturer‘ or the ‘Manufacturer AI’ model. For example, total absolute 
error (TAE) decreases from roughly 128k units in the baseline to about 
77k units under joint forecasting, a reduction of 40%. Mean absolute 
error similarly falls from 492 units to 295 units. Root mean squared error 

(RMSE) drops by more than one‑third, indicating fewer large deviations.
Table 3 presents relative error metrics. The ‘Joint AI’ forecasting 

model achieves the lowest symmetric MAPE (sMAPE) and weighted 
MAPE (WMAPE), indicating that on average it produces smaller per
centage errors and performs well on high‑volume items. Its MAPE is 
markedly lower than that of the ‘Manufacturer’ and ‘Manufacturer AI’ 
forecasting models, since its data is less sparse with fewer zeros, 
reducing extreme errors. The coefficient of determination (R²) of 0.84 
reflects a high proportion of variance explained, more than tripling the 
Manufacturer AI scenario's 0.27 and well above the Manufacturer 
baseline's 0.70. Lower values of MSLE further indicate fewer severe 
relative errors.

Fig. 2. Cumulative distribution of MAPE across SKUs and months. This plot was zoomed to a maximum of 1000 MAPE (%).

Table 2 
Absolute error metrics (test data).

Dataset TAE MAE TSE 
(bias)

ME RMSE

Manufacturer / Solo 
forecast / manufacturer’s 
shipments

128 
498.00

492.33 15 
040.00

57.62 733.78

Manufacturer AI / Solo AI 
forecast manufacturer’s 
shipments

139 
299.40

533.71 60 
662.20

232.42 1 
150.04

Joint AI / retailer outbound 76 
991.80

294.99 21 
340.80

81.77 480.97

Table 3 
Relative error metrics (test data).

Dataset MAPE sMAPE WMAPE R² MSLE

Manufacturer / Solo forecast / 
manufacturer’s shipments

1 
709.53

52.39 39.85 0.70 1.77

Manufacturer AI / Solo AI 
forecast / manufacturer 
shipments

2 
051.48

47.26 43.02 0.27 1.67

Joint AI / retailer outbound 41.05 28.86 25.20 0.84 0.20
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Fig. 2 shows the cumulative distribution function (CDF) of MAPE 
across SKUs and dates: the ‘Joint AI’ curve rises steeply and reaches the 
100% mark at lower MAPE values than both the ‘Manufacturer’ and 
‘Manufacturer AI’ scenarios, indicating the absence of extreme per
centage errors and a consistently higher share of predictions with lower 
relative errors. It also should be noted that the Manufacturer and 
Manufacturer AI curves do not reach 100% within the plotted range 
even at 1000% MAPE, indicating that both scenarios contain a small 
number of SKU-month observations with extremely large relative errors 
(driven by near-zero actual values); the Joint AI curve, by contrast, 
reaches 100% by roughly 800% MAPE, confirming that collaboration 
eliminates the most extreme forecasting failures rather than only 
improving typical-case accuracy.

4.1. Prediction accuracy: Performance Against Demand

While the ‘Joint AI’ forecasting model excels when evaluated against 
its own test data, it is also crucial to assess how well the forecasts 
anticipate the retailer’s actual demand, i.e. the orders placed by the 
retailers’ warehouses to the manufacturer. This comparison is method
ologically important: Tables 2–3 evaluate each scenario against its own 
respective test data (manufacturer shipments for the Manufacturer and 
Manufacturer AI scenarios, retailer outbound volumes for Joint AI), 
meaning the underlying target series differ in provenance and poten
tially in noise structure. Evaluating all three scenarios against a single 
common benchmark — actual demand orders — addresses this issue: if 
Joint AI's advantage in Tables 2–3 were driven merely by predicting an 
inherently smoother downstream series rather than by a genuine 
collaboration effect, that advantage should narrow or disappear once all 
scenarios are judged against the same target. As Table 4 shows, it does 
not.

Table 4 summarizes the absolute error metrics when forecasts are 
compared against the common demand benchmark. Joint AI achieves 
the lowest total absolute error, mean absolute error and RMSE in point- 
estimate terms. However, the inferential results show that the compar
ison needs to be interpreted carefully. Joint AI reduces total absolute 
error by 21.2% relative to Manufacturer AI on the common demand 
benchmark, and this reduction is statistically robust (cluster-bootstrap 
95% CI: 4.4–35.7%). Relative to the Manufacturer baseline, the point 
estimate is also lower, but the confidence interval includes zero (9.2%, 
95% CI: − 1.9–19.3%). We therefore interpret the Manufacturer-baseline 
comparison as directionally positive, but not as a statistically established 
advantage. MAE and RMSE likewise favor the ‘Joint AI’ approach. 
Interestingly, the Manufacturer scenario shows considerably lower 
RMSE and ME than Manufacturer AI, suggesting that the Manufacturer 
AI model is more affected by large deviations and positive bias. The 
three models tend to over-forecast, with the ‘Manufacturer AI’ case 
exhibiting higher bias.

To assess whether these differences are statistically reliable rather 
than attributable to sampling variation, we complement the descriptive 
metrics with formal inference computed on the SKU-level errors un
derlying Fig. 2. Cluster-bootstrap confidence intervals (5000 replica
tions, resampling SKUs to respect within-SKU correlation across months) 

place the reduction in total absolute error achieved by Joint AI over 
Manufacturer AI at 44.7% (95% CI: 27.8–57.3%) on the test-data basis 
of Table 2, and at 21.2% (95% CI: 4.4–35.7%) under the stricter com
mon demand benchmark of Table 4; both intervals exclude zero. Per- 
SKU paired Wilcoxon signed-rank tests (n = 87, one-sided, Holm-cor
rected) show the advantage to be directional but not uniformly 
distributed across the portfolio (Joint AI vs. Manufacturer AI: W = 1625, 
p = 0.166, rank-biserial r = 0.15, 56% of SKUs improved): the collab
orative gain is concentrated where volumes — and therefore the oper
ational and financial consequences of forecast errors — are largest, 
consistent with Proposition 3. The corresponding volume-weighted 
reduction relative to the Manufacturer baseline on the demand bench
mark is positive in point estimate (9.2%) but its interval includes zero 
(95% CI: − 1.9–19.3%), so we do not claim a statistically established 
advantage of Joint AI over the statistical baseline on that basis. Formal 
definitions of the test statistic, effect size, and bootstrap procedure are 
provided in Appendix A.1.

Relative error metrics in Table 5 reveal a more nuanced picture. 
Weighted MAPE (WMAPE) and sMAPE both improve markedly in the 
‘Joint AI’ scenario (37.49 & 50.09% respectively) compared with 
‘Manufacturer AI’ (47.56 & 51.75%) and ‘Manufacturer’ (41.29 & 
54.98%). However, MAPE remains high across all models, reflecting 
challenges with low‑volume SKUs where small denominators inflate the 
percentage error. The ‘Joint AI’ again achieves the highest R² and lowest 
MSLE, indicating that it explains more variability in demand and pro
duces fewer large relative errors. The ‘Manufacturer’ MSLE is highest, 
suggesting that although it may have lower MAPE for very low demand 
items, it struggles to capture overall variance.

Fig. 3 shows, in the top panel, monthly aggregated demand against 
the predictions of each forecasting scenario over the three-month test 
horizon, and, in the bottom panel, the corresponding residuals (pre
dictions minus demand). The Joint AI forecast tracks demand closely 
across all three months, with residuals remaining consistently small and 
stable. The Manufacturer AI forecast, by contrast, systematically over- 
predicts demand, with residuals staying positive and substantial 
throughout the horizon — indicating a persistent upward bias rather 
than random error. The Manufacturer forecast shows the opposite 
pattern in the first two months, under-predicting demand before 
crossing over toward the end of the horizon, reflecting greater month-to- 
month volatility rather than a consistent directional bias. However, a 
consistent bias (as in Manufacturer AI) can in principle be corrected with 
a simple adjustment factor, whereas the volatility seen in the Manu
facturer forecast is harder to correct systematically — a point we will 
address in the stability discussion below.

These results underscore an important trade‑off: joint forecasting is 
most effective for high‑volume items and when evaluated against its 
own downstream signal. When compared to demand orders, improve
ments persist but are less dramatic. The high MAPE values reflect the 
effect of dividing by small actual quantities. Nevertheless, the ‘Joint AI’ 
scenario shows the strongest overall point-estimate performance, indi
cating that incorporating downstream data indeed enhances demand 
visibility.

To make the results easy to interpret, we grouped forecasts into three 
categories: highly reliable (>80% accuracy), reliable (60–80% accu
racy) and non-predictable (<60% accuracy). Here, accuracy simply 

Table 4 
Absolute error metrics (demand).

Dataset TAE MAE TSE 
(bias)

ME RMSE

Manufacturer / Solo 
forecast / manufacturer’s 
shipments

128 
950.00

494.06 24 
010.00

91.99 726.17

Manufacturer AI / Solo AI 
forecast / manufacturer 
shipments

148 
555.40

569.18 72 
144.20

276.41 1 
175.28

Joint AI / retailer outbound 117 
099.20

448.66 14 
482.80

55.49 657.44

Table 5 
Relative error metrics (demand).

Dataset MAPE sMAPE WMAPE R² MSLE

Manufacturer / Solo forecast / 
manufacturer’s shipments

2 
875.47

54.98 41.29 0.72 2.23

Manufacturer AI / Solo AI 
forecast / manufacturer 
shipments

3 
915.10

51.75 47.56 0.27 2.17

Joint AI / retailer outbound 3 
354.91

50.09 37.49 0.77 1.93
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means how close the forecast was to actual sales: for example, whether 
the model predicted 1000 units when 1050 were sold (close) or 600 (far 
off). Managers in practice use these categories to decide whether a 
forecast can be trusted for operational planning. To provide finer reso
lution, each of the "highly reliable" and "reliable" bands is further split 
into two sub-ranges (100–90% and 90–80% within "highly reliable"; 
80–70% and 70–60% within "reliable"), so the figure displays five bars 
grouped into the three headline categories described above, plus the 

non-predictable category. Fig. 4 shows the results across two di
mensions. The categories along the bottom represent the three accuracy 
ranges. The height of the bars reflects the share of total sales volume that 
falls into each category, emphasizing improvements where they matter 
most: for high-volume products. An error on a small, niche SKU may 
affect a few pallets, but the same error on a top-selling item can disrupt 
promotions, overload transport or tie up millions in working capital.

The message from the results is clear: Both manufacturer-only 

Fig. 3. Total predicted quantities.

Fig. 4. Forecast accuracy by sales volume, categorized into highly reliable, reliable & non-predictable.
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forecasts left the majority of sales volumes below 60%, meaning they 
could not be relied upon for operational decisions. In contrast, Joint AI 
did not merely cross this benchmark but decisively surpassed it. As Fig. 4
shows, approximately three-quarters of all sales volumes were forecast 
with more than 70% accuracy, with almost 40% reaching the highly 
reliable category range above 80%. For practitioners, this means fore
casts that are not just mathematically better, but usable in day-to-day 
decision-making.

In quantitative terms, the improvement is substantial, but its inter
pretation depends on the evaluation level. On the test-data basis, Joint 
AI reduces total absolute error by 44.7% relative to Manufacturer AI, 
and this effect is statistically robust (cluster-bootstrap 95% CI: 
27.8–57.3%). On the stricter common-demand benchmark, the corre
sponding reduction relative to Manufacturer AI remains positive and 
statistically robust at 21.2% (95% CI: 4.4–35.7%). At the individual SKU 
level, however, the advantage is directional rather than statistically 
significant: paired Wilcoxon tests show that Joint AI improves 56.3% of 
SKUs relative to Manufacturer AI, but the effect does not reach con
ventional significance (p = 0.166). This pattern supports Proposition 3: 
the collaborative advantage is not a uniform per-SKU shift, but a 
volume-concentrated effect that is strongest where sales volumes, in
ventory exposure and operational consequences are highest.

The largest improvements emerged in high-volume SKUs, which 
consistently moved into the reliable and highly reliable categories. This 
is critical because these products dominate overall sales and logistics 
flows; improving their forecast accuracy has disproportionate impact on 
production planning, safety stock and transport efficiency. By contrast, 
low-volume or highly volatile SKUs remained more difficult to predict, 
even with Joint AI. While errors were reduced, forecasts for these items 
often stayed below 60%. This underlines the need for complementary 
strategies such as safety stocks, manual overrides or specialized models 
to manage unpredictability in the long tail of the product portfolio.

4.2. Statistical validation and robustness checks

4.2.1. Data basis and replication
The inferential analysis uses the same SKU-level data underlying 

Tables 2, 4 and 5. Reconstructing the manuscript’s aggregation 
convention reproduced the reported descriptive metrics to the reported 
decimal. All inferential tests therefore operate on the same data used in 
the descriptive results.

4.2.2. Bootstrap and paired-test inference
The first two intervals exclude zero: both the 44.7% reduction and 

the stricter common-benchmark reduction of 21.2% are statistically 
robust volume-weighted effects. The third interval includes zero: on the 
common demand benchmark, the improvement over the Manufacturer 
baseline is positive in point estimate but not statistically distinguishable 
from no improvement at the 95% level.

At the level of individual SKUs, the advantage is directional (median 
per-SKU error difference − 10.6 and − 22.1 units; Joint AI better on 
56–59% of SKUs) but does not reach conventional significance. Taken 
together with Table 6, the finding is precise and instructive: the 
collaborative advantage is not a uniform per-SKU shift but a volume- 
concentrated effect — large where volumes are large, negligible or 

absent in the long tail. This is exactly the pattern Proposition 3 predicts 
and Fig. 4 of the manuscript displays; the inferential analysis quantifies 
it rather than contradicting it. Appendix A.2 provides supplementary 
visual evidence for this pattern by plotting the paired per-SKU mean 
absolute error differences between Joint AI and Manufacturer AI.

4.2.3. Visual bootstrap evidence
Fig. 5 visualizes the cluster-bootstrap distribution for the common- 

demand benchmark comparison between Joint AI and Manufacturer 
AI. The distribution is centred clearly above zero, reinforcing the sta
tistical robustness of the 21.2% volume-weighted reduction.

5. Discussion and implications

The results provide clear evidence that collaboration is a primary 
driver of forecasting performance improvements, particularly in 
volume-weighted terms. The improvement is consistent across evalua
tion metrics and evaluation targets, but the per-SKU analysis shows that 
the effect is not uniformly distributed across the portfolio; rather, it is 
concentrated in high-volume products, in line with Proposition 3. In this 
section, we interpret these findings and articulate the implications of the 
study to the forecasting, supply chain collaboration and AI-enabled 
operations literature.

The first implication of this study is the reconceptualization of 
forecasting as an interorganizational capability rather than a firm- 
internal function. Traditional forecasting research implicitly treats de
mand prediction as a task that can be optimized within organizational 
boundaries through better models, more computing power, or improved 
internal data [1,32,33]. Our findings challenge this assumption and 
show that even advanced AI models trained on manufacturer shipment 
data fail to deliver substantial improvements over traditional statistical 
methods. In contrast, when the same AI architecture is trained on 
downstream retailer data through a collaborative arrangement, forecast 
accuracy, stability and operational relevance improve markedly. This 
pattern suggests that the primary bottleneck in forecasting is not 
computational capability, but data boundary constraints imposed by 
organizational silos. This aligns with and extends research on supply 
chain collaboration by demonstrating that information sharing funda
mentally alters the quality of demand signals, rather than merely 
refining existing ones [34,35].

The second implication concerns the role of artificial intelligence in 
forecasting. Much of the recent literature portrays AI as a disruptive 
force capable of overcoming long-standing forecasting limitations 
through superior pattern recognition and nonlinear modelling [36,37]. 
Our findings provide a more nuanced understanding as the manufac
turer AI scenario demonstrates that AI alone does not resolve forecasting 
deficiencies when trained on distorted upstream signals. Despite its 
ability to capture nonlinear patterns, the AI model remains constrained 
by the quality and timeliness of the data it receives. Only when AI is 
embedded in a collaborative forecasting arrangement, i.e. where 
downstream data reflects actual consumer pull, does its full potential 
materialize. This suggests that AI should be regarded not as a standalone 
forecasting solution, but as an amplifier of collaborative data structures 
[38]. We argue that, at least for the algorithmic approaches examined 
here, advanced analytics may magnify the value of shared data, but 
cannot compensate for structurally inferior information. This reframes 
the question this study can speak to from "Which algorithm?" to "Under 
which organizational conditions can a given algorithm perform 

Table 6 
Cluster-bootstrap 95% confidence intervals for volume-weighted TAE re
ductions (5000 replications; SKUs resampled).

Comparison (TAE reduction of Joint AI) Point 95% CI

vs. Manufacturer AI — test-data basis (Table 2) 44.7% [27.8%, 
57.3%]

vs. Manufacturer AI — common demand benchmark (
Table 4)

21.2% [4.4%, 
35.7%]

vs. Manufacturer baseline — common demand 
benchmark (Table 4)

9.2% [− 1.9%, 
19.3%]

Table 7 
Paired per-SKU Wilcoxon signed-rank tests.

Comparison (per-SKU mean 
absolute error)

W p 
(Holm)

r 
(effect)

SKUs 
improved

Joint AI vs. Manufacturer AI 1625 0.166 0.151 56.3%
Joint AI vs. Manufacturer 1587 0.166 0.171 58.6%
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effectively?", while leaving open whether more sophisticated architec
tures (e.g., deep learning models) trained on manufacturer-only data 
could narrow the gap we observe.

The third implication emerges from the volume-weighted analysis of 
forecast performance. Prior forecasting research often evaluates models 
using average error metrics, implicitly assuming that all forecast errors 
are equally consequential [39,40]. Our results challenge this assumption 
by showing that the benefits of joint forecasting are disproportionately 
concentrated in high-volume SKUs, which dominate operational risk 
and cost. Under solo forecasting regimes, high-volume products remain 
largely in low-reliability categories, exposing firms to inventory imbal
ances, stockouts, and inefficient capacity utilization. In contrast, joint AI 
forecasting shifts a substantial share of high-volume sales into higher 
reliability ranges. This finding highlights that collaboration reshapes not 
only average accuracy, but also the economic distribution of forecasting 
errors, thereby reframing forecasting performance as a value-weighted 
phenomenon, where improvements matter most at the core of the 
product portfolio (it may also help to explain why collaborative fore
casting can deliver outsized operational benefits even when improve
ments in conventional error metrics appear moderate).

The fourth implication is the focus on forecast stability as a critical 
performance dimension. Beyond reducing average errors, the joint AI 
forecast also produces more stable residuals over the forecast horizon 
(Fig. 3), which is suggestive of lower error variance across time and 
products, though we do not quantify this with formal stability metrics 
here. This stabilizing effect is particularly important in FMCG environ
ments, where frequent replanning and firefighting erode operational 
efficiency [39,41]. From a theoretical standpoint, stability enhances the 
trustworthiness of forecasts and provides a more reliable foundation for 
decision-making. This insight highlights and emphasizes the role of 
stability as a core performance outcome alongside accuracy, in partic
ular in collaborative contexts where multiple actors depend on shared 
forecasts.

The fifth implication reframes joint forecasting as an organizational 
and governance accomplishment, i.e. the performance gains observed 
here depended on institutional arrangements that made collaboration 
viable: neutral third-party facilitation, formal data-sharing agreements, 
and competition-law safeguards that enabled the partners to share 
downstream signals without relinquishing control over ordering de
cisions. This resonates with work emphasizing that voluntary data 

sharing across organizational boundaries hinges on governance struc
tures that distribute risk and build trust [13,42], and it extends that 
literature by showing that such arrangements are not merely contextual 
preconditions but active determinants of forecasting performance — 
forecasting quality emerges as a joint outcome of technology, data, and 
governance [17,43].

This governance lens surfaces three considerations that temper and 
qualify the benefits documented above. First, collaboration carries costs 
that a purely technical account overlooks: investment in data-sharing 
infrastructure, neutral administration, and legal safeguards, alongside 
the higher computational burden of retraining machine-learning models 
on a rolling basis relative to a traditional ARIMA baseline. These must be 
weighed against the operational savings joint forecasting enables — 
reduced safety stock, fewer stockouts, and less costly replanning — and 
while a full cost-benefit quantification lies beyond our scope, the 
magnitude of the accuracy and stability gains for high-volume SKUs 
suggests the balance is favorable for the core of the portfolio, though this 
remains an empirical question for future research. Second, the benefits 
are likely conditional on organizational readiness. The dyad studied 
here had already established a dedicated forecasting function and 
normalized data-sharing through an industry working group (ECR 
Austria); firms with less mature planning processes or weaker analytical 
capabilities may realize smaller gains, or require a longer adjustment 
period, consistent with the view that AI-enabled collaboration is as 
much an organizational capability as a technical one [10]. The results 
should therefore be read as evidence of what joint AI forecasting can 
achieve under reasonably mature conditions, rather than a guarantee 
that collaboration alone suffices regardless of starting capabilities.

Third, data sharing introduces risks that constitute an ongoing 
governance requirement rather than a one-time setup cost. Sharing 
granular downstream data exposes the retailer to the possibility that 
competitively sensitive information — store-level sales patterns or 
promotional response — could be used beyond its intended forecasting 
purpose, or could shift negotiating leverage toward the party better able 
to exploit it. Reliance on a neutral intermediary mitigates but does not 
eliminate this exposure and introduces a dependency of its own, since 
the arrangement's viability rests on sustained trust in the intermediary's 
neutrality and data-handling [42]. The willingness of firms to deepen 
collaboration is thus likely to depend on how credibly these risks are 
governed over time — a dynamic that positions trust not as a static 

Fig. 5. Cluster-bootstrap distribution of the volume-weighted TAE reduction (Joint AI vs. Manufacturer AI, demand benchmark). The 95% interval [4.4%, 35.7%] 
excludes zero.
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precondition but as something continuously renewed through institu
tional design [13].

6. Conclusion

This study set out to examine whether joint AI-based forecasting can 
outperform non-collaborative forecasting approaches in an FMCG sup
ply chain. Using a comparative research design that contrasts traditional 
statistical forecasting, solo AI-based forecasting and joint AI forecasting, 
the findings demonstrate a clear pattern: Joint AI delivers the strongest 
performance overall, with the most robust inferential support in volume- 
weighted comparisons against Manufacturer AI. Forecasting perfor
mance improves decisively when advanced analytics are embedded in 
collaborative, interorganizational data structures. In contrast, within the 
scope of the two algorithmic approaches examined here - a classical 
statistical method (ARIMA) and a gradient-boosting machine-learning 
model (XGBoost) - algorithmic sophistication alone was insufficient to 
overcome the structural limitations imposed by isolated, upstream de
mand signals. We do not claim that this finding extends to all possible 
algorithmic approaches; rather, it demonstrates that for a widely used 
and representative class of ML models, data provenance was the binding 
constraint.

Across the evaluation, Joint AI performs strongest overall, with sta
tistically robust volume-weighted improvements over Manufacturer AI 
on both the test-data and common-demand benchmarks. The compari
son with the traditional Manufacturer baseline is more nuanced: Joint AI 
shows a lower point estimate on the common-demand benchmark, but 
this difference is not statistically established at the 95% level.

Interestingly, our analysis shows that the performance gains are not 
evenly distributed across the product portfolio. High-volume SKUs 
benefit disproportionately from joint forecasting, shifting from low- 
reliability to high-reliability prediction ranges. These products domi
nate sales volumes, logistics flows and inventory exposure, meaning that 
improvements in their forecast accuracy translate into outsized opera
tional and financial benefits. Solo forecasting challenges remain 
concentrated in low-volume and highly volatile items, underscoring that 
collaboration cannot fully resolve uncertainty for these segments. 
Beyond point accuracy, the residual evidence also points toward more 
stable joint AI forecasts (Fig. 3), suggesting reduced error variance 
across time and products. This stabilizing effect can be seen as relevant 
for operational planning, where volatile forecast performance can un
dermine trust and lead to costly replanning even when average errors 
appear acceptable.

The results, however, have to be viewed in the light of their limita
tions. First, the empirical scope of the study is necessarily narrow. The 
analysis focuses on a single manufacturer-retailer dyad within the FMCG 
sector, covering 87 SKUs from a single product category (savory snacks), 
and the out-of-sample evaluation covers a single three-month window 
(January–March 2025), even though the models were trained on 33 
months of data spanning multiple seasonal cycles. While this context 
offers a demanding testbed, the narrow product scope and single eval
uation window mean the findings may not generalize to portfolios with 
different demand characteristics (e.g., higher perishability, longer 
replenishment cycles, or greater seasonal variation), nor has the re
ported advantage of Joint AI been tested across other seasons or across 
multiple, non-overlapping evaluation periods. Future studies could 
examine whether similar patterns emerge in other industries, product 
categories, and multi-tier supply chains, and could evaluate perfor
mance across repeated, rolling out-of-sample windows spanning full 
annual cycles and multiple years to establish whether the advantage 
observed here is stable over time or specific to this setting.

Second, the research design bounds the strength and generality of the 
causal claim. The study compares only two algorithmic approaches — 
ARIMA and XGBoost, chosen to represent classical statistical and 
machine-learning paradigms — so the conclusion that collaboration 
matters more than algorithmic choice should be interpreted within this 

scope; it remains an open question whether more sophisticated archi
tectures trained on manufacturer-only data (e.g., deep learning models 
capable of extracting weaker signals from noisier inputs) could partially 
close the observed gap. Moreover, as an observational rather than ran
domized comparison, the study cannot entirely rule out that factors 
correlated with data source — such as differences in the granularity or 
noise characteristics of the manufacturer and retailer data streams — 
contribute to the observed differences. We mitigate this concern by 
holding the algorithm and feature set constant and by evaluating all 
scenarios against a common ground truth (Section 4.1, Table 4), where 
Joint AI's advantage persists; nonetheless, a fully controlled design — for 
instance, feeding the same downstream signal into all approaches while 
varying only the collaborative-access mechanism — together with tests 
across a broader range of algorithms, would provide stronger causal 
identification and establish how far the finding generalizes.

Third, although the revised analysis reports cluster-bootstrap confi
dence intervals and paired Wilcoxon tests, analytical robustness remains 
bounded by the proprietary nature of the forecasting platform. Specif
ically, we could not conduct feature-level interpretability analyses, such 
as SHAP values or gain-based importance scores, nor controlled ablation 
analyses of hyperparameter settings, training-window length or feature 
selection. The reported inferential tests therefore establish robustness 
for the observed error reductions under the implemented models, but 
not robustness to all possible model configurations. Future research with 
access to platform internals could quantify feature contributions, test 
sensitivity to modelling choices and compare the collaborative-data ef
fect across a broader range of model architectures. Relatedly, while the 
forecast-stability metrics are defined in Appendix A.1, the stability 
advantage posited in Proposition 4 is evidenced here qualitatively, 
through the residual patterns in Fig. 3, rather than through a separate 
quantitative stability comparison across the three scenarios; such a 
dedicated stability analysis is a natural extension of the present work.

Fourth, this study deliberately isolates the technical forecasting ef
fect of collaboration and therefore leaves the surrounding organiza
tional, economic, and behavioral conditions largely unexamined. It does 
not provide a formal cost-effectiveness or return-on-investment analysis, 
as data on platform fees, implementation costs, and administrative 
overhead were not disclosed; nor does it examine how power asymme
tries, incentive alignment, and contractual arrangements shape the 
willingness to share data, or how organizational capabilities and plan
ning maturity moderate the benefits realized. Both partners here had 
already established dedicated forecasting functions and prior experience 
with structured data-sharing, leaving open whether firms with less 
mature planning processes would realize comparable benefits or 
whether a capability threshold must first be reached. Understanding 
how trust, resistance, and organizational routines interact with AI- 
enabled collaboration likewise remains an important avenue for the
ory development. Future research could combine forecasting perfor
mance with firm-level cost data and examine planning maturity, 
incentive structures, and behavioral dynamics as moderating variables 
across multiple dyads with varying organizational readiness.

Within the scope of the single dyad, product category, and two 
algorithmic approaches examined here, our findings suggest that 
collaboration, rather than algorithmic sophistication alone, was the 
more decisive lever for forecast performance. Embedding AI-based 
forecasting within an interorganizational data-sharing arrangement 
allowed this manufacturer-retailer partnership to move from an unre
liable, siloed forecasting practice toward a more stable and operation
ally relevant one. Whether this pattern extends to other industries, 
partnerships, and algorithmic approaches remains an open question for 
future research. We hope that this study sparks ideas and enables dis
cussions to further advance the accuracy and collaboration in the sphere 
of AI-enabled demand forecasting.
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