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Abstract 26 

The wine industry faces distinctive supply chain challenges, including high product variety, 27 

export market fragmentation, and seasonal production, all of which contribute to demand 28 

uncertainty. Importantly, this uncertainty is not only externally driven but also amplified by 29 

tactical and operational decisions—such as labeling, bottling strategies, and product 30 

customization—that increase complexity. This study presents a product classification 31 

methodology based on demand behavior to improve decision-making in inventory 32 

management. Using a case study of three Chilean wineries located in the Central Valley, we 33 

compare the traditional ABC classification—commonly used in ERP systems—with a 34 

quantitative model that incorporates demand variability. The proposed approach enables 35 

segmenting products according to average demand and variability, offering clearer insights 36 

for setting differentiated service levels, inventory policies, and forecasting strategies. The 37 

findings show that the demand uncertainty-based classification provides more effective 38 

support for supply chain decision-making than conventional methods. The model has also 39 

demonstrated applicability beyond finished goods, such as in-process wine and critical inputs 40 

like corks and bottles. This research contributes empirical evidence to close the gap between 41 

theory and practice, providing a replicable tool for product segmentation in wine and other 42 

industries facing demand complexity. 43 

Key words: demand uncertainty; wine supply chain; production and inventory management; 44 

product classification; wine industry. 45 

1. Introduction 46 

The wine industry faces distinctive supply chain challenges that are shaped by factors such 47 

as seasonal production, market volatility, export dependency, and regulatory frameworks. 48 

These dynamics make inventory planning and demand forecasting particularly complex, 49 

especially in export-oriented wine-producing countries like Chile. According to [1], 50 

vineyards in Chile’s Central Valley exhibit diverse economic performance linked to their 51 

operational management and exposure to international markets. Moreover, [2] show that 52 

climate variability adds a further layer of uncertainty to the sector, influencing both 53 

production volume and quality. 54 
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Despite growing research on supply chain resilience in the wine industry [3], few studies 55 

have addressed how demand-side uncertainty impacts inventory classification and decision-56 

making. Most prior work has focused on managing supply-related uncertainty or improving 57 

vineyard operations. For instance, [3] explore strategic responses to supply disruptions, while 58 

[4] examine the adoption of Lean Six Sigma in Italian wineries to enhance supply chain 59 

performance under regulatory and environmental pressure. 60 

Previous studies have raised the need for further research into new approaches to uncertainty 61 

modeling, to obtain new approaches to production planning and control to manage 62 

uncertainty within each supply chain company, the incorporation of all types of uncertainty 63 

in an integrated manner, and the development of empirical work comparing different 64 

modeling approaches with real case studies [5]. In addition, [6] emphasizes the need to 65 

conduct empirical research on the uncertainties that occur in a particular industrial context 66 

and the most effective management actions in reducing one or more of the key uncertainties. 67 

Uncertainty impacts production practices and supply chain performance [7]. Given the 68 

potential problems, interest in supply chain decisions that take uncertainty and risk into 69 

account has increased [8,9].  70 

However, the application of quantitative classification techniques that explicitly incorporate 71 

demand variability - particularly in the context of inventory management - remains limited 72 

in wine economics literature. Traditional ABC classification is widely used in Enterprise 73 

Resource Planning (ERP) systems, yet it fails to account for volatility in demand patterns. 74 

This omission can hinder the efficiency of inventory allocation in wineries that handle a 75 

diverse portfolio of products across domestic and export markets. 76 

This paper addresses this gap by proposing a classification approach based on demand 77 

uncertainty and comparing it with the traditional ABC method. Using a case study of three 78 

Chilean wineries, we assess the effectiveness of a variability-driven model for categorizing 79 

products and guiding inventory decisions. Our findings aim to inform winery managers and 80 

supply chain practitioners of new tools that support operational efficiency in the face of 81 

fluctuating demand. By contextualizing the research within the wine industry and referencing 82 

sector-specific studies, we contribute to bridging the theoretical and practical knowledge on 83 

inventory management under uncertainty. 84 
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Product classification should be part of a comprehensive inventory management system. 85 

Figure 1 shows an adaptation of the 4-stage model proposed by [10]. This research focuses 86 

on the first stage of product classification. 87 

 88 

Figure 1. Integrated inventory management model. Source: Adapted from [10] 89 

Our work focuses on showing the contrast of empirical use with theoretical techniques and 90 

we seek to contribute to closing the gap between theoretical research on supply chain 91 

uncertainty management and practice.  92 

2. Literature Review 93 

In this literature review we go through quantitative methods for classifying products in order 94 

to tailor supply chain operational decisions. 95 

A supply chain is composed of all parties involved, directly or indirectly, to satisfy a 96 

customer’s order. The supply chain includes not only the manufacturer and suppliers, but 97 

also transporters, distributors, retailers, and even the customers themselves, as shown in 98 

Figure 2. A supply chain is dynamic and involves the constant flow of information, products, 99 

and money between different stages. The primary purpose of any supply chain is to satisfy 100 

customer needs, and in the process, generate a profit for itself. The success of a supply chain 101 

should be measured in terms of its profitability rather than profit at an individual stage [11–102 

13].  103 

 104 

Figure 2. Supply chain. Source: Elaborated by the author. 105 

All processes in a supply chain fit into two categories in relation to end-customer demand: 106 

push or pull. Pull processes produce make to order, while push processes initiate execution 107 

in anticipation of customer orders based on a forecast and produce make to stock [14,15]  108 



 

5 
 

Global supply chain optimization is difficult because it needs to be designed and operated in 109 

which several factors contribute to uncertainty, including: 1. Matching supply and demand 110 

is a major challenge because production levels need to be committed well before demand is 111 

realized. 2. Inventory levels and order backlogs fluctuate considerably throughout the supply 112 

chain. 3. Forecasting does not solve the problem. 4. Demand is not the only source of 113 

uncertainty; lead times, manufacturing yields, transportation times, and component 114 

availability are also sources of uncertainty [16,17]. 115 

Supply chain uncertainty refers to decision making in which the decision maker does not 116 

know definitively what to decide because he/she is confused about the objectives; lacks 117 

information about the supply chain or its environment; lacks information processing 118 

capabilities; cannot accurately predict the impact of possible control actions; or lacks 119 

effective control actions [18]. 120 

It has been suggested that demand uncertainty and implied demand uncertainty represent 121 

distinct concepts [11]. Demand uncertainty reflects the uncertainty of customer demand for 122 

a product. Implicit demand uncertainty is that resulting from the way the customer orders: if 123 

you serve only urgent orders, you will have a higher implicit uncertainty than if you deliver 124 

with long lead times. Uncertainty generates complexity in the supply chain, tends to increase 125 

inventory and propagates through the supply network [19,20]. Demand uncertainty is 126 

particularly important and tends to reduce profits in the supply chain [21]. 127 

It is expected that supply chain planning methods that do not include uncertainty will 128 

underperform those that do [22]. Both linear and circular supply chains must take uncertainty 129 

into account in their management [23].  130 

Recent contributions in the wine industry have highlighted the importance of integrating 131 

sector-specific dynamics into supply chain analysis. The value of process improvement 132 

methodologies such as Lean Six Sigma in Italian wineries has been demonstrated [4], while 133 

preparedness for disruptions—a growing concern under increased climate volatility—has 134 

been addressed by [3] and [2]. Additionally, the influence of vineyard management strategies 135 

and environmental variability on performance in Chilean wine production has been explored 136 

in greater depth [1]. However, most of these studies have emphasized supply-side 137 
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uncertainties and strategic resilience rather than the operational challenges linked to demand 138 

volatility. 139 

Supply chain uncertainty management models are classified into 3: strategic, tactical, and 140 

operation [24,25]. The strategy time horizon is several years and decides the configuration 141 

of the supply chain, how resources will be allocated, and what processes each stage will 142 

perform [26,27]. The planning or tactical horizon is from one quarter to one year and includes 143 

demand forecasts, deciding which markets will be supplied from which locations, 144 

manufacturing outsourcing, inventory policies, timing, promotions and pricing. Planning also 145 

includes decisions regarding demand uncertainty, exchange rate, and competition [28,29]. 146 

The time horizon of the operation is daily or weekly, in this phase decisions are made 147 

regarding customer orders, allocating inventories or production to orders, setting order 148 

delivery dates, defining pick lists for a warehouse, assigning orders to shipments, establishing 149 

delivery schedules, etc. [30,31]. 150 

Supply chain demand uncertainty models can also be classified into qualitative and 151 

quantitative models according to the solution methodology [32]. And they can be classified 152 

by source of uncertainty: demand, supply and production processes [22,33].  153 

Supply chain planning models under uncertainty have been studied [23], but they are not 154 

commonly related to product classification [22]. Inventory production planning and control 155 

systems classify products into those with independent or dependent demand. Finished 156 

products have independent demand, that which comes from customers and needs to be 157 

forecast. Raw materials and in-process products have dependent demand, and the demand is 158 

calculated based on the production of finished products [34,35].  159 

The need to link product classification with inventory management systems in an integrated 160 

way has been raised in the literature [10,36]. 161 

A literature review of product classification based on various factors is presented in [37]. In 162 

particular, classifications can rely on either judgment-based (qualitative) or statistical 163 

(quantitative) techniques. The quantitative approaches include ABC classification and two-164 

dimensional graphical matrices (2×2). 165 
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Among the quantitative classifications, the ABC classification is the most widespread as it is 166 

part of integrated ERP systems. This classification is based on the Pareto Principle, also 167 

known as the 80/20 rule, and was originally used to classify goods according to their annual 168 

demand. To calculate it, the annual demand is calculated and multiplied by the cost. Class A 169 

goods have 80% of the annual volume in money and account for 20% of the goods; Class B 170 

goods account for 15% of the annual volume in money and account for 30% of the goods; 171 

Class C accounts for 5% of the annual volume in money and comprises about 50% of the 172 

goods [38,39]. Multiple factors are considered for using ABC as annual usage value, e.g., 173 

average consumption, annual failures, and lead time [40]. 174 

The use of two-dimensional graphical matrices (2×2) in product classification is discussed in 175 

[37], referencing their application to spare parts [41,42] and to manufactured products [43]. 176 

Additionally, a similar matrix-based approach has been identified in the work of another 177 

author [44]. 178 

A 2×2 matrix-based quantitative classification method grounded in demand uncertainty was 179 

applied to a Chilean winery case in [45], demonstrating its superiority over traditional 180 

qualitative approaches such as those proposed by [46] and [47]. This study validates the 181 

usefulness of variability-based product classification models for supporting different 182 

production stages within a winery. 183 

This quantitative method by [43,44] uses a two-dimensional matrix and allows measuring 184 

demand uncertainty. The two dimensions are the average daily sale in units and the variability 185 

index:  186 

𝑥̅   is the average daily sales in logarithmic scale 187 

IV (variability index) = 𝜎 / 𝑥̅ is the standard deviation of the article in demand divided by the 188 

average sale. 189 
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 190 

Figure 3. Product categorization by demand uncertainty. Source: [44]. 191 

Four product categories are identified: 192 

• Basic: products with high volume demand and low variability. These are stable, 193 

predictable items, and in the case of finished products, they provide the greatest 194 

amount of income to the company. 195 

• Complementary: products with low demand volume and low variability. They are 196 

also stable items and, in the case of finished products, provide low revenues on a 197 

regular basis. 198 

• High risk: products with high volume demand and high variability. 199 

• Intermittent: products with low demand volume but high variability. 200 

The variability index is also known in the literature as coefficient of variability (CV) or (CoV) 201 

as an indicator to measure demand uncertainty [48,49].  202 

3. Material and Methods 203 

In this research we use the case study method. [50] has posited that the case method is one 204 

of the most powerful methods in operations management research and has contributed from 205 

the development of lean manufacturing theory to manufacturing strategy. 206 

We use the structure proposed by [50] to describe the methodology: 207 

1. When to use case study research: the purpose of this research is to contribute to the testing 208 

of theory. 209 
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2. The research framework: In an inventory management system we focus on the product 210 

classification stage. We seek to identify whether the quantitative method of [43,44] which is 211 

based on demand uncertainty is better than other quantitative models such as ABC. 212 

3. Choice of case: The case studies three wineries in Chile. The type of case would be 213 

retrospective. 214 

4. Development of research instruments and protocols: Semi-structured interviews, meetings, 215 

visits to bottling facilities and wineries, and document analysis were designed for data 216 

collection. Also conduct data analysis of product sales transactions to obtain information for 217 

the quantitative model. The performance of the methods would be determined by user 218 

acceptance. 219 

5. Conducting field research: The primary contact was the operations manager. The main 220 

informants were the head of planning, the production planners, and the operations manager. 221 

6. Documentation and data coding: The first step was to identify the methods used by the 222 

company. In section 3.2 quantitative method selection, we explained how the quantitative 223 

methods were selected and applied to test their performance. We worked on Excel sheets. 224 

7. Analysis. The analysis and its results were validated by the head of planning and the 225 

operations manager. In section 5. Discussion we compare the results of the 3 vineyards. 226 

3.1 Case description 227 

The three wineries selected for this study are located in Chile’s Central Valley, which is 228 

recognized as the country’s most important wine-producing region, both in terms of volume 229 

and international projection. This area concentrates a significant share of vineyard surface 230 

and export-oriented production, making it a strategic reference for understanding the 231 

operational and commercial dynamics of the Chilean wine industry [1]. The selected wineries 232 

represent diverse business models within this region—ranging from mid-sized exporters to 233 

producers with differentiated product portfolios—allowing us to examine how demand 234 

uncertainty affects inventory classification across different contexts within a shared 235 

geographical and market environment. We will call them wineries V1, V2 and V3 in order 236 

of SKU number. 237 
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The supply chain of a winery includes different stages: an agricultural stage for grape 238 

production, an oenology stage to produce wine from different grape varieties, a production 239 

stage for bottling the wine, domestic distribution or export, retail sales and the customer.  240 

The vineyards own part of the grape production, winemaking, bottling production and 241 

finished product cellars; they do not own foreign distribution centers or retail sales.  242 

The winemaking follows the production strategy make-to-stock because the wine needs to 243 

rest in barrels and because there are relatively few vines. Bottling follows a make-to-stock 244 

method for domestic sales and make-to-order for exports. For exports it is not possible to 245 

produce make-to-stock because international sales are very fragmented, and the product label 246 

is not standardized for the countries due to legal regulations related to the alcohol content 247 

allowed by the countries. The bottling and winemaking plants are located near the grape 248 

fields south of Santiago. Export shipments are made through the ports of Valparaíso and San 249 

Antonio about 115 km west of Santiago. 250 

In this case we focus on the production of bottling for export. Supply chain management is 251 

concerned with determining the supply and production levels and inventories of raw 252 

materials, subassemblies at the different levels of the given bill of materials (BOM) [51]. The 253 

finished products use wine, bottle, cork, and label as the main raw materials as shown in 254 

Figure 4. All inputs except the label are kept in stock. The label must be printed when the 255 

customer’s order arrives. Since there are different presentation formats (750 ml, 375 ml 256 

bottles, etc.), 9-liter cases are used as the equivalent unit of measure to consolidate 257 

production. 258 

 259 

Figure 4. Generic wine bill of materials. Source: Elaborated by the author. 260 
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There are different types of wineries, some of which are dedicated to the mass market (with 261 

varietal and reserve wines) and other boutique wineries dedicated to niche markets (with 262 

reserve and icon wines). The companies in this case were dedicated to mass consumption. 263 

The methods are not universally applicable so it is necessary to specify the context of the 264 

cases reviewed. The attributes of the specific context of the case are: 265 

• Private organizations 266 

• One stage of the supply chain: manufacturing of finished products. 267 

• Product flows are analyzed (not flows of information or funds). 268 

• Production to order of the finished product with pull strategy. 269 

• Independent demand for the finished product. 270 

• The number of products is not very high. 271 

• Products are functional according to [46] because they are mass market products. 272 

• Efficient supply chain strategy according to [47]. 273 

3.2 Selection of quantitative methods 274 

From the 7 quantitative methods established by [37], we selected for this study the ABC 275 

classification and the 2x2 graphical matrix. 276 

We selected the ABC classification because it is included in the ERP integrated management 277 

systems. 278 

And we selected the 2x2 graphical matrix because it was the only method that included 279 

supply chain demand uncertainty. It was applied with one year’s data to produce finished 280 

products. 281 

Furthermore, the applicability of this classification model based on demand uncertainty 282 

extends beyond finished goods. In previous research, we demonstrated how this same 283 

approach can be used to categorize in-process items and key inputs such as corks, bottles, 284 

and bulk wine [45]. Applying the variability matrix at different stages of the production 285 

process enables wineries to make more informed decisions regarding stock levels, bottling 286 

schedules, and material procurement. This multi-tier implementation reinforces the model’s 287 
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practical value, not only for finished product planning but also for upstream supply chain 288 

coordination. 289 

4. Results and Data Analysis  290 

4.1 Quantitative classification 291 

The quantitative matrix model based on demand uncertainty was applied. The centers of 292 

gravity were calculated with the averages of the axes. 293 

4.2 Finished product variability Winery V1 294 

The results of the independent demand variability of finished products are shown in Figures 295 

5 and 6.  296 

 297 

Figure 5. Variability of finished products of Winery V1. Source: Elaborated by the author.  298 
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 299 

Figure 6. Summary data of the finished products of Winery V1. Source: Elaborated by the 300 

author. 301 

The company was having difficulty implementing a supply chain efficiency strategy that was 302 

reflected in the difficulty of meeting delivery promises, very low customer satisfaction and 303 

high inventories. With the graphs, the company’s decision makers quickly understood the 304 

complexity of the supply chain and the need to reduce it. Several improvement points were 305 

recommended. 306 

The company decided to purge products with IV greater than 12 because they increase the 307 

complexity of the supply chain; there were 258 SKUs in this condition. Products with IV of 308 

22 were found with one sale in 500 days, with IV of 15 with two sales in 500 days, with IV 309 

of 12 with three in 500 days. This low frequency of sales did not make sense for an efficient 310 

supply chain strategy oriented to a mass consumer market. Excluding products with IV 311 

greater than 12, the new product portfolio had an average variability of 8. 312 

There were 3 high-risk products that in an ABC classification could appear as A products. 313 

These are products that will not be sold again and could generate a whip effect in the purchase 314 

of raw materials and wine stock. Complementary wines generate complications for the 315 
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economic bottling lot, and in the case of exports, it is necessary to create stocks of bottled 316 

wines without labels. 317 

4.3 Variability of the finished products of Winery V2 318 

The results of the variability of the independent demand for finished products are shown in 319 

Figures 7 and 8. 320 

 321 

 322 

Figure 7. Variability of the finished products of Winery V2. Source: Elaborated by the 323 

author.  324 
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 325 

Figure 8. Finished product summary data for Winery V2. Source: Elaborated by the author. 326 

The company was having difficulty implementing the supply chain efficiency strategy which 327 

resulted in not being able to make a profit. Despite the fact that this vineyard had better 328 

average prices than vineyards A and C. 329 

It had an average IV of 10.94 which is a high IV due to tactical decisions taken from the 330 

company with the sale of products with low rotation. It was recommended to purge SKUs 331 

with IV > 12 due to low sales frequency and that are contradictory to having an efficient 332 

supply chain strategy. The decision makers agreed. 333 

4.2 Variability of the finished products of Winery V3 334 

The results of the variability of independent demand for finished products are shown in 335 

Figures 9 and 10.   336 
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 337 

Figure 9: Variability of finished products of Winery V3. Source: Elaborated by the author. 338 

 339 

Figure 10. Finished product summary data for Winery V3. Source: Elaborated by the 340 

author. 341 
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The company has an IV of 8.03, partly due to the lower number of SKUs and tactical 342 

decisions made. SKUs with IV > 12 must be purged due to low sales frequency and because 343 

they hinder efficient supply chain strategy. 344 

4.4 Variability of finished products ABC of Winery V1 345 

The products with classification A for Vineyard V1 are shown below within the 2x2 matrix 346 

format in order to observe the behavior of products that are supposed to have high turnover. 347 

The results are shown in figure 11. 348 

 349 

Figure 11. Variability of class A products of Winery V1. Source: Elaborated by the author 350 

Class A products by definition of the ABC classification should have a higher service level 351 

due to their combination of high turnover and high value.  352 

By plotting them in the 2x2 matrix with demand uncertainty we can see that there are 353 

weaknesses. Infrequently sold intermittent products are not easy to forecast, to plan, so they 354 

should have low service level. But if they have a high value they can be classified as A as we 355 

see in Figure 11. 356 
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We have product A that are basic (low variability, high average sales) and should have the 357 

highest level of service. We have product A that are complementary (low variability, low 358 

average sales) and should not have the same resources as the basic ones. 359 

In this case there is no high-risk product (high variability and high average sales), but if there 360 

were, the A classification would lead us to produce large quantities of products that will be 361 

very difficult to sell, which generates the whip effect with wine and wine inputs. 362 

5. Discussion 363 

A comparative summary of the 3 wineries is presented in Table 1: 364 

Table 1. Summary of vineyard variability 365 

Winery SKU Number Variability Index 

V1 529 12.90 

V2 116 10.94 

V3 51 8.03 

Source: Elaborated by the author. 366 

We can observe that the three wineries have high variability to have an efficiency strategy. 367 

Although demand uncertainty should be low for mass consumption wines, this uncertainty is 368 

amplified by planning or tactical decisions in the supply chain: bottling with country labels 369 

increases product uncertainty, there were no restrictions on the number of products that could 370 

be requested in an order, the incentives to increase export sales led to accepting customer 371 

requirements for blends of wines (which were not sold later and whose balances generated 372 

problems), requirements for special bottles (which made subsequent supply more complex), 373 

decisions on functional silos, etc. 374 

The data collected from the case demonstrate that quantitative theoretical methods are not 375 

applied to measure supply chain uncertainty. 376 

The qualitative method by [43,44] is quite reliable and better than the ABC method for 377 

tactical decisions. It allows to put a value to the uncertainty by means of the variability index 378 

and to be able to compare the complexity with other units. It has a value of variability or 379 
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uncertainty for each product, which allows to compare it or to know that a product debugging 380 

is needed. 381 

The graphical interface has a very high level of user acceptance. In product debugging 382 

discussions it was very difficult for anyone to defend products with IV greater than 12. 383 

Displaying the variability graphs showed the damage that was done by making the whole 384 

supply chain more complex. 385 

You can compare uncertainty levels of different stages of the supply chain such as bottling 386 

and winemaking. In other words, uncertainty can be measured by independent demand (sales 387 

dispatches) and by dependent demand (production receipts to in-process warehouses). 388 

This classification by demand uncertainty allows more appropriate production and inventory 389 

management decisions to be defined (such as demand forecasting methods, inventory 390 

policies, etc.), which are beyond the scope of this study. A better level of service and 391 

performance should be expected in commodity and complementary products. 392 

It is necessary to incorporate the measurement of the uncertainty of the demand of the supply 393 

chain as an indicator of performance of the wine industry. We did not find it in the reviews 394 

at a global level carried out such as the studies of [52]. Nor did we find it in reviews on 395 

performance indicators in the wine industry in Chile [53]. In reviews on wine industry risk 396 

management in market issues only price volatility is studied [54]. 397 

In comparison with previous research that has explored strategic and supply-side responses 398 

to uncertainty [2,3], this study adds value by focusing on demand uncertainty at the product 399 

level and its operational implications. Unlike general process improvement strategies such 400 

as Lean Six Sigma [4], which seek to enhance system efficiency, this classification approach 401 

allows for product-specific diagnostics and segmentation. This supports differentiated 402 

policies for forecasting methods, service levels, and inventory strategies. Furthermore, as 403 

demonstrated in [45], the model is adaptable to multiple stages of the wine production chain, 404 

including in-process goods and critical inputs such as corks and bottles. Thus, the tool 405 

contributes not only to decision-making on finished goods, but also to reducing supply chain 406 

complexity as a whole by enabling better tactical and operational planning across multiple 407 

inventory categories. 408 
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6. Conclusions 409 

This study shows that current business practice in the wine industry often lacks quantitative 410 

methods for measuring supply chain uncertainty, relying instead on the traditional ABC 411 

classification and expert judgment. As such, uncertainty is not systematically measured or 412 

used to support tactical and operational decision-making. 413 

Through the case analysis of three wineries in Chile´s Central Valley, we found that the 414 

quantitative method based on demand uncertainty [43,44] provides a superior classification 415 

of products compared to the ABC method. This classification enables more nuanced and 416 

appropriate decisions on inventory policy, demand forecasting, and service level 417 

differentiation. 418 

The study contributes to bridging the gap between theory and practice by providing a 419 

replicable methodology rooted in demand behavior that can be adapted to different stages of 420 

the wine supply chain. 421 

Unlike more generic process optimization frameworks, the demand uncertainty matrix 422 

provides product-level insights that allows wineries to reduce complexity, align production 423 

and bottling strategies, and implement inventory segmentation. These insights offer direct 424 

benefits in supply chain performance, customer service, and operational efficiency. 425 

This research is novel given that, it contributes with empirical information in bridging the 426 

gap between theory and practice on product classification by uncertainty and in relieving the 427 

need for its use for tactical wine supply chain decisions. At the same time, it opens the door 428 

to future research to replicate this methodology in other contexts and to investigate the most 429 

appropriate production and inventory management decisions based on this product 430 

classification. 431 
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