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Abstract. The wine industry faces distinctive supply chain challenges, including high 
product variety, export market fragmentation, and seasonal production, all of which 
contribute to demand uncertainty. Importantly, this uncertainty is not only external-
ly driven but also amplified by tactical and operational decisions – such as labeling, 
bottling strategies, and product customization – that increase complexity. This study 
presents a product classification methodology based on demand behavior to improve 
decision-making in inventory management. Using a case study of three Chilean winer-
ies located in the Central Valley, we compare the traditional ABC classification – com-
monly used in ERP systems – with a quantitative model that incorporates demand 
variability. The proposed approach enables segmenting products according to average 
demand and variability, offering clearer insights for setting differentiated service lev-
els, inventory policies, and forecasting strategies. The findings show that the demand 
uncertainty-based classification provides more effective support for supply chain deci-
sion-making than conventional methods. The model has also demonstrated applicabil-
ity beyond finished goods, such as in-process wine and critical inputs like corks and 
bottles. This research contributes empirical evidence to close the gap between theory 
and practice, providing a replicable tool for product segmentation in wine and other 
industries facing demand complexity.

Keywords: demand uncertainty, wine supply chain, production and inventory man-
agement, product classification, wine industry.

1. INTRODUCTION

The wine industry faces distinctive supply chain challenges that are 
shaped by factors such as seasonal production, market volatility, export 
dependency, and regulatory frameworks. These dynamics make inventory 
planning and demand forecasting particularly complex, especially in export-
oriented wine-producing countries like Chile. According to [1], vineyards in 
Chile’s Central Valley exhibit diverse economic performance linked to their 
operational management and exposure to international markets. Moreover, 
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[2] show that climate variability adds a further layer of 
uncertainty to the sector, influencing both production 
volume and quality.

Despite growing research on supply chain resilience 
in the wine industry [3], few studies have addressed how 
demand-side uncertainty impacts inventory classifica-
tion and decision-making. Most prior work has focused 
on managing supply-related uncertainty or improving 
vineyard operations. For instance, [3] explore strate-
gic responses to supply disruptions, while [4] examine 
the adoption of Lean Six Sigma in Italian wineries to 
enhance supply chain performance under regulatory and 
environmental pressure.

Previous studies have raised the need for further 
research into new approaches to uncertainty modeling, 
to obtain new approaches to production planning and 
control to manage uncertainty within each supply chain 
company, the incorporation of all types of uncertainty in 
an integrated manner, and the development of empiri-
cal work comparing different modeling approaches with 
real case studies [5]. In addition, [6] emphasizes the need 
to conduct empirical research on the uncertainties that 
occur in a particular industrial context and the most 
effective management actions in reducing one or more of 
the key uncertainties.

Uncertainty impacts production practices and sup-
ply chain performance [7]. Given the potential problems, 
interest in supply chain decisions that take uncertainty 
and risk into account has increased [8,9]. 

However, the application of quantitative classifica-
tion techniques that explicitly incorporate demand vari-
ability - particularly in the context of inventory man-
agement - remains limited in wine economics literature. 
Traditional ABC classification is widely used in Enter-
prise Resource Planning (ERP) systems, yet it fails to 
account for volatility in demand patterns. This omission 
can hinder the efficiency of inventory allocation in win-
eries that handle a diverse portfolio of products across 
domestic and export markets.

This paper addresses this gap by proposing a clas-
sification approach based on demand uncertainty and 
comparing it with the traditional ABC method. Using a 
case study of three Chilean wineries, we assess the effec-
tiveness of a variability-driven model for categorizing 

products and guiding inventory decisions. Our findings 
aim to inform winery managers and supply chain prac-
titioners of new tools that support operational efficiency 
in the face of fluctuating demand. By contextualizing 
the research within the wine industry and referencing 
sector-specific studies, we contribute to bridging the the-
oretical and practical knowledge on inventory manage-
ment under uncertainty.

Product classification should be part of a compre-
hensive inventory management system. Figure 1 shows 
an adaptation of the 4-stage model proposed by [10]. This 
research focuses on the first stage of product classification.

Our work focuses on showing the contrast of empiri-
cal use with theoretical techniques and we seek to con-
tribute to closing the gap between theoretical research 
on supply chain uncertainty management and practice. 

2. LITERATURE REVIEW

In this literature review we go through quantitative 
methods for classifying products in order to tailor supply 
chain operational decisions.

A supply chain is composed of all parties involved, 
directly or indirectly, to satisfy a customer’s order. The 
supply chain includes not only the manufacturer and 
suppliers, but also transporters, distributors, retailers, 
and even the customers themselves, as shown in Figure 
2. A supply chain is dynamic and involves the constant 
flow of information, products, and money between dif-
ferent stages. The primary purpose of any supply chain 
is to satisfy customer needs, and in the process, generate 
a profit for itself. The success of a supply chain should be 
measured in terms of its profitability rather than profit at 
an individual stage [11–13]. 

All processes in a supply chain fit into two categories 
in relation to end-customer demand: push or pull. Pull 
processes produce make to order, while push processes 
initiate execution in anticipation of customer orders 
based on a forecast and produce make to stock [14,15] 

Global supply chain optimization is difficult because 
it needs to be designed and operated in which several 
factors contribute to uncertainty, including: 1. Matching 
supply and demand is a major challenge because produc-

Figure 1. Integrated inventory management model. Source: Adapted from [10].
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tion levels need to be committed well before demand is 
realized. 2. Inventory levels and order backlogs fluctuate 
considerably throughout the supply chain. 3. Forecasting 
does not solve the problem. 4. Demand is not the only 
source of uncertainty; lead times, manufacturing yields, 
transportation times, and component availability are 
also sources of uncertainty [16,17].

Supply chain uncertainty refers to decision mak-
ing in which the decision maker does not know defini-
tively what to decide because he/she is confused about 
the objectives; lacks information about the supply chain 
or its environment; lacks information processing capa-
bilities; cannot accurately predict the impact of possible 
control actions; or lacks effective control actions [18].

It has been suggested that demand uncertainty and 
implied demand uncertainty represent distinct con-
cepts [11]. Demand uncertainty reflects the uncertainty 
of customer demand for a product. Implicit demand 
uncertainty is that resulting from the way the customer 
orders: if you serve only urgent orders, you will have a 
higher implicit uncertainty than if you deliver with long 
lead times. Uncertainty generates complexity in the sup-
ply chain, tends to increase inventory and propagates 
through the supply network [19,20]. Demand uncertainty 
is particularly important and tends to reduce profits in 
the supply chain [21].

It is expected that supply chain planning methods 
that do not include uncertainty will underperform those 
that do [22]. Both linear and circular supply chains must 
take uncertainty into account in their management [23]. 

Recent contributions in the wine industry have 
highlighted the importance of integrating sector-specific 
dynamics into supply chain analysis. The value of pro-
cess improvement methodologies such as Lean Six Sigma 
in Italian wineries has been demonstrated [4], while pre-
paredness for disruptions – a growing concern under 
increased climate volatility – has been addressed by [3] 
and [2]. Additionally, the influence of vineyard manage-
ment strategies and environmental variability on perfor-
mance in Chilean wine production has been explored in 
greater depth [1]. However, most of these studies have 
emphasized supply-side uncertainties and strategic resil-
ience rather than the operational challenges linked to 
demand volatility.

Supply chain uncertainty management models are 
classified into 3: strategic, tactical, and operation [24,25]. 

The strategy time horizon is several years and decides 
the configuration of the supply chain, how resources 
will be allocated, and what processes each stage will per-
form [26,27]. The planning or tactical horizon is from 
one quarter to one year and includes demand forecasts, 
deciding which markets will be supplied from which 
locations, manufacturing outsourcing, inventory policies, 
timing, promotions and pricing. Planning also includes 
decisions regarding demand uncertainty, exchange rate, 
and competition [28,29]. The time horizon of the opera-
tion is daily or weekly, in this phase decisions are made 
regarding customer orders, allocating inventories or pro-
duction to orders, setting order delivery dates, defining 
pick lists for a warehouse, assigning orders to shipments, 
establishing delivery schedules, etc. [30,31].

Supply chain demand uncertainty models can also 
be classified into qualitative and quantitative models 
according to the solution methodology [32]. And they 
can be classified by source of uncertainty: demand, sup-
ply and production processes [22,33]. 

Supply chain planning models under uncertain-
ty have been studied [23], but they are not commonly 
related to product classification [22]. Inventory produc-
tion planning and control systems classify products into 
those with independent or dependent demand. Finished 
products have independent demand, that which comes 
from customers and needs to be forecast. Raw materials 
and in-process products have dependent demand, and 
the demand is calculated based on the production of fin-
ished products [34,35]. 

The need to link product classification with inven-
tory management systems in an integrated way has been 
raised in the literature [10,36].

A literature review of product classification based on 
various factors is presented in [37]. In particular, classi-
fications can rely on either judgment-based (qualitative) 
or statistical (quantitative) techniques. The quantitative 
approaches include ABC classification and two-dimen-
sional graphical matrices (2×2).

Among the quantitative classifications, the ABC 
classification is the most widespread as it is part of inte-
grated ERP systems. This classification is based on the 
Pareto Principle, also known as the 80/20 rule, and 
was originally used to classify goods according to their 
annual demand. To calculate it, the annual demand is 
calculated and multiplied by the cost. Class A goods 

Figure 2. Supply chain. Source: Elaborated by the author.
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have 80% of the annual volume in money and account 
for 20% of the goods; Class B goods account for 15% of 
the annual volume in money and account for 30% of the 
goods; Class C accounts for 5% of the annual volume in 
money and comprises about 50% of the goods [38,39]. 
Multiple factors are considered for using ABC as annual 
usage value, e.g., average consumption, annual failures, 
and lead time [40].

The use of two-dimensional graphical matrices 
(2×2) in product classification is discussed in [37], ref-
erencing their application to spare parts [41,42] and 
to manufactured products [43]. Additionally, a similar 
matrix-based approach has been identified in the work of 
another author [44].

A 2×2 matrix-based quantitative classification meth-
od grounded in demand uncertainty was applied to a 
Chilean winery case in [45], demonstrating its superiority 
over traditional qualitative approaches such as those pro-
posed by [46] and [47]. This study validates the useful-
ness of variability-based product classification models for 
supporting different production stages within a winery.

This quantitative method by [43,44] uses a two-
dimensional matrix and allows measuring demand 
uncertainty. The two dimensions are the average daily 
sale in units and the variability index: 

 is the average daily sales in logarithmic scale
IV (variability index) = σ /  is the standard deviation of 
the article in demand divided by the average sale.

Four product categories are identified:
– Basic: products with high volume demand and low 

variability. These are stable, predictable items, and 
in the case of finished products, they provide the 
greatest amount of income to the company.

– Complementary: products with low demand volume 
and low variability. They are also stable items and, 
in the case of finished products, provide low rev-
enues on a regular basis.

– High risk: products with high volume demand and 
high variability.

– Intermittent: products with low demand volume but 
high variability.
The variability index is also known in the literature 

as coefficient of variability (CV) or (CoV) as an indicator 
to measure demand uncertainty [48,49]. 

3. MATERIAL AND METHODS

In this research we use the case study method. [50] 
has posited that the case method is one of the most pow-
erful methods in operations management research and 
has contributed from the development of lean manufac-
turing theory to manufacturing strategy.

We use the structure proposed by [50] to describe 
the methodology:
1. When to use case study research: the purpose of this 

research is to contribute to the testing of theory.
2. The research framework: In an inventory management 

system we focus on the product classification stage. 
We seek to identify whether the quantitative method 
of [43,44] which is based on demand uncertainty is 
better than other quantitative models such as ABC.

3. Choice of case: The case studies three wineries in 
Chile. The type of case would be retrospective.

4. Development of research instruments and protocols: 
Semi-structured interviews, meetings, visits to bottling 

Figure 3. Product categorization by demand uncertainty. Source: [44].
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facilities and wineries, and document analysis were 
designed for data collection. Also conduct data analy-
sis of product sales transactions to obtain information 
for the quantitative model. The performance of the 
methods would be determined by user acceptance.

5. Conducting field research: The primary contact was 
the operations manager. The main informants were 
the head of planning, the production planners, and 
the operations manager.

6. Documentation and data coding: The first step 
was to identify the methods used by the company. 
In section 3.2 quantitative method selection, we 
explained how the quantitative methods were select-
ed and applied to test their performance. We worked 
on Excel sheets.

7. Analysis. The analysis and its results were validated 
by the head of planning and the operations manager. 
In section 5. Discussion we compare the results of 
the 3 vineyards.

3.1 Case description

The three wineries selected for this study are locat-
ed in Chile’s Central Valley, which is recognized as the 
country’s most important wine-producing region, both in 
terms of volume and international projection. This area 
concentrates a significant share of vineyard surface and 
export-oriented production, making it a strategic refer-
ence for understanding the operational and commercial 
dynamics of the Chilean wine industry [1]. The selected 
wineries represent diverse business models within this 
region – ranging from mid-sized exporters to producers 
with differentiated product portfolios – allowing us to 
examine how demand uncertainty affects inventory clas-
sification across different contexts within a shared geo-
graphical and market environment. We will call them 
wineries V1, V2 and V3 in order of SKU number.

The supply chain of a winery includes different stag-
es: an agricultural stage for grape production, an oenol-
ogy stage to produce wine from different grape varieties, 
a production stage for bottling the wine, domestic distri-
bution or export, retail sales and the customer. 

The vineyards own part of the grape production, win-
emaking, bottling production and finished product cellars; 
they do not own foreign distribution centers or retail sales. 

The winemaking follows the production strategy 
make-to-stock because the wine needs to rest in barrels 
and because there are relatively few vines. Bottling follows 
a make-to-stock method for domestic sales and make-to-
order for exports. For exports it is not possible to produce 
make-to-stock because international sales are very frag-
mented, and the product label is not standardized for the 

countries due to legal regulations related to the alcohol 
content allowed by the countries. The bottling and win-
emaking plants are located near the grape fields south of 
Santiago. Export shipments are made through the ports of 
Valparaíso and San Antonio about 115 km west of Santiago.

In this case we focus on the production of bottling for 
export. Supply chain management is concerned with deter-
mining the supply and production levels and inventories of 
raw materials, subassemblies at the different levels of the 
given bill of materials (BOM) [51]. The finished products 
use wine, bottle, cork, and label as the main raw materials 
as shown in Figure 4. All inputs except the label are kept in 
stock. The label must be printed when the customer’s order 
arrives. Since there are different presentation formats (750 
ml, 375 ml bottles, etc.), 9-liter cases are used as the equiv-
alent unit of measure to consolidate production.

There are different types of wineries, some of which 
are dedicated to the mass market (with varietal and 
reserve wines) and other boutique wineries dedicated to 
niche markets (with reserve and icon wines). The com-
panies in this case were dedicated to mass consumption.

The methods are not universally applicable so it is 
necessary to specify the context of the cases reviewed. 
The attributes of the specific context of the case are:
– Private organizations
– One stage of the supply chain: manufacturing of fin-

ished products.
– Product flows are analyzed (not flows of information 

or funds).
– Production to order of the finished product with 

pull strategy.
– Independent demand for the finished product.
– The number of products is not very high.
– Products are functional according to [46] because 

they are mass market products.
– Efficient supply chain strategy according to [47].

3.2 Selection of quantitative methods

From the 7 quantitative methods established by [37], 
we selected for this study the ABC classification and the 
2×2 graphical matrix.

Figure 4. Generic wine bill of materials. Source: Elaborated by the 
author.
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We selected the ABC classification because it is 
included in the ERP integrated management systems.

And we selected the 2x2 graphical matrix because it 
was the only method that included supply chain demand 
uncertainty. It was applied with one year’s data to pro-
duce finished products.

Furthermore, the applicability of this classification 
model based on demand uncertainty extends beyond 
finished goods. In previous research, we demonstrated 
how this same approach can be used to categorize in-
process items and key inputs such as corks, bottles, and 
bulk wine [45]. Applying the variability matrix at differ-
ent stages of the production process enables wineries to 
make more informed decisions regarding stock levels, 
bottling schedules, and material procurement. This mul-
ti-tier implementation reinforces the model’s practical 
value, not only for finished product planning but also for 
upstream supply chain coordination.

4. RESULTS AND DATA ANALYSIS 

4.1 Quantitative classification

The quantitative matrix model based on demand 
uncertainty was applied. The centers of gravity were cal-
culated with the averages of the axes.

4.2 Finished product variability Winery V1

The results of the independent demand variability of 
finished products are shown in Figures 5 and 6. 

The company was having difficulty implementing a 
supply chain efficiency strategy that was reflected in the 
difficulty of meeting delivery promises, very low cus-
tomer satisfaction and high inventories. With the graphs, 
the company’s decision makers quickly understood the 
complexity of the supply chain and the need to reduce it. 
Several improvement points were recommended.

The company decided to purge products with IV 
greater than 12 because they increase the complexity of 
the supply chain; there were 258 SKUs in this condition. 
Products with IV of 22 were found with one sale in 500 
days, with IV of 15 with two sales in 500 days, with IV 
of 12 with three in 500 days. This low frequency of sales 
did not make sense for an efficient supply chain strategy 
oriented to a mass consumer market. Excluding products 
with IV greater than 12, the new product portfolio had 
an average variability of 8.

There were 3 high-risk products that in an ABC 
classification could appear as A products. These are 
products that will not be sold again and could generate 
a whip effect in the purchase of raw materials and wine 
stock. Complementary wines generate complications for 
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Figure 5. Variability of finished products of Winery V1. Source: Elaborated by the author.
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the economic bottling lot, and in the case of exports, it 
is necessary to create stocks of bottled wines without 
labels.

4.3 Variability of the finished products of Winery V2

The results of the variability of the independent 
demand for finished products are shown in Figures 7 and 8.

The company was having difficulty implementing 
the supply chain efficiency strategy which resulted in not 
being able to make a profit. Despite the fact that this vine-
yard had better average prices than vineyards A and C.

It had an average IV of 10.94 which is a high IV due 
to tactical decisions taken from the company with the 
sale of products with low rotation. It was recommended 
to purge SKUs with IV > 12 due to low sales frequency 
and that are contradictory to having an efficient supply 
chain strategy. The decision makers agreed.

4.4 Variability of the finished products of Winery V3

The results of the variability of independent demand 
for finished products are shown in Figures 9 and 10. 

The company has an IV of 8.03, partly due to the 
lower number of SKUs and tactical decisions made. SKUs 
with IV > 12 must be purged due to low sales frequency 
and because they hinder efficient supply chain strategy.
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Figure 6. Summary data of the finished products of Winery V1. 
Source: Elaborated by the author.
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4.5 Variability of finished products ABC of Winery V1

The products with classification A for Vineyard V1 
are shown below within the 2x2 matrix format in order 
to observe the behavior of products that are supposed to 
have high turnover. The results are shown in figure 11.

Class A products by definition of the ABC classifica-
tion should have a higher service level due to their com-
bination of high turnover and high value. 

By plotting them in the 2x2 matrix with demand 
uncertainty we can see that there are weaknesses. Infre-
quently sold intermittent products are not easy to fore-
cast, to plan, so they should have low service level. But if 
they have a high value they can be classified as A as we 
see in Figure 11.

We have product A that are basic (low variability, 
high average sales) and should have the highest level of 
service. We have product A that are complementary (low 
variability, low average sales) and should not have the 
same resources as the basic ones.

In this case there is no high-risk product (high vari-
ability and high average sales), but if there were, the A 
classification would lead us to produce large quantities of 
products that will be very difficult to sell, which gener-
ates the whip effect with wine and wine inputs.

5. DISCUSSION

A comparative summary of the 3 wineries is present-
ed in Table 1.

We can observe that the three wineries have high 
variability to have an efficiency strategy. Although 

Figure 8. Finished product summary data for Winery V2. Source: 
Elaborated by the author.
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Figure 9. Variability of finished products of Winery V3. Source: Elaborated by the author.
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demand uncertainty should be low for mass consump-
tion wines, this uncertainty is amplified by planning 
or tactical decisions in the supply chain: bottling with 
country labels increases product uncertainty, there were 
no restrictions on the number of products that could be 
requested in an order, the incentives to increase export 
sales led to accepting customer requirements for blends 

of wines (which were not sold later and whose balances 
generated problems), requirements for special bottles 
(which made subsequent supply more complex), deci-
sions on functional silos, etc.

The data collected from the case demonstrate that 
quantitative theoretical methods are not applied to 
measure supply chain uncertainty.

The qualitative method by [43,44] is quite reliable 
and better than the ABC method for tactical decisions. It 
allows to put a value to the uncertainty by means of the 
variability index and to be able to compare the complex-
ity with other units. It has a value of variability or uncer-
tainty for each product, which allows to compare it or to 
know that a product debugging is needed.

The graphical interface has a very high level of user 
acceptance. In product debugging discussions it was very 
difficult for anyone to defend products with IV greater 

Figure 10. Finished product summary data for Winery V3. Source: 
Elaborated by the author.
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than 12. Displaying the variability graphs showed the 
damage that was done by making the whole supply chain 
more complex.

You can compare uncertainty levels of different stag-
es of the supply chain such as bottling and winemaking. 
In other words, uncertainty can be measured by inde-
pendent demand (sales dispatches) and by dependent 
demand (production receipts to in-process warehouses).

This classification by demand uncertainty allows 
more appropriate production and inventory manage-
ment decisions to be defined (such as demand forecast-
ing methods, inventory policies, etc.), which are beyond 
the scope of this study. A better level of service and per-
formance should be expected in commodity and comple-
mentary products.

It is necessary to incorporate the measurement of 
the uncertainty of the demand of the supply chain as 
an indicator of performance of the wine industry. We 
did not find it in the reviews at a global level carried out 
such as the studies of [52]. Nor did we find it in reviews 
on performance indicators in the wine industry in Chile 
[53]. In reviews on wine industry risk management in 
market issues only price volatility is studied [54].

In comparison with previous research that has 
explored strategic and supply-side responses to uncer-
tainty [2,3], this study adds value by focusing on demand 
uncertainty at the product level and its operational impli-
cations. Unlike general process improvement strategies 
such as Lean Six Sigma [4], which seek to enhance system 
efficiency, this classification approach allows for product-
specific diagnostics and segmentation. This supports 
differentiated policies for forecasting methods, service 
levels, and inventory strategies. Furthermore, as demon-
strated in [45], the model is adaptable to multiple stages 
of the wine production chain, including in-process goods 
and critical inputs such as corks and bottles. Thus, the 
tool contributes not only to decision-making on finished 
goods, but also to reducing supply chain complexity as a 
whole by enabling better tactical and operational plan-
ning across multiple inventory categories.

6. CONCLUSIONS

This study shows that current business practice in 
the wine industry often lacks quantitative methods for 
measuring supply chain uncertainty, relying instead on 
the traditional ABC classification and expert judgment. 
As such, uncertainty is not systematically measured or 
used to support tactical and operational decision-making.

Through the case analysis of three wineries in 
Chile ś Central Valley, we found that the quantitative 

method based on demand uncertainty [43,44] provides a 
superior classification of products compared to the ABC 
method. This classification enables more nuanced and 
appropriate decisions on inventory policy, demand fore-
casting, and service level differentiation.

The study contributes to bridging the gap between 
theory and practice by providing a replicable methodol-
ogy rooted in demand behavior that can be adapted to 
different stages of the wine supply chain.

Unlike more generic process optimization frame-
works, the demand uncertainty matrix provides product-
level insights that allows wineries to reduce complexity, 
align production and bottling strategies, and implement 
inventory segmentation. These insights offer direct ben-
efits in supply chain performance, customer service, and 
operational efficiency.

This research is novel given that, it contributes with 
empirical information in bridging the gap between the-
ory and practice on product classification by uncertain-
ty and in relieving the need for its use for tactical wine 
supply chain decisions. At the same time, it opens the 
door to future research to replicate this methodology in 
other contexts and to investigate the most appropriate 
production and inventory management decisions based 
on this product classification.
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