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Abstract 
Inventory turnover and demand forecasting, two specialized 

disciplines in inventory management, are considered highly critical to 
business success, particularly in the water production sector. However, 
much research remains to be done on these factors and their joint effect 
on project success. This study examines the under-researched dilemma of 
inventory turnover demand forecasting and its impact on organizational 
performance in the water manufacturing industry. A study spanning 14 
months on operational data from a bottled water company reveals that 
various operational dynamics are more pronounced in small plastic 
bottles than in glass bottles and large gallon containers. The main results 
show that inventory turnover has striking differences, with the glass bottle 
outperforming by far (ratio: 96.35) given the low outgoings associated 
with carrying it, whereas small plastic bottles were markedly lower in 
turnover (20.50), influenced by demand fluctuations. This investigation 
shows that ARIMA outperforms DES in forecasting accuracy, with MAPE 
values ranging from 10.5 to 23.53% and R² values ranging from 0.717 to 
0.833. The EOQ optimization indicated that large orders for glass bottles 
(22,112 units) are now optimal, even with setup costs of $5,933.44. In 
contrast, safety stock settings (e.g., 9,557 units of glass bottles at a 95% 
service level) have effectively reduced stockouts. This study is 
theoretically valuable because it connects inventory turnover measures to 
forecast algorithms within established performance frameworks, and it 
shows, practically, how ARIMA-informed, size-specific EOQs and 
reorder points can improve delivery reliability, cost efficiency, and 
resource utilization. The study then concludes by encouraging the 
adoption of real-time forecasting systems and by changing inventory 
policies to operate more effectively in an exceptionally volatile 
marketplace. 
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 المسخلص
يعُدّ دوران المخزون والتنبؤ بالطلب، عاملين  مهمين في إدارة  المخزون ونجاح 
الأعمال، ولاسيما في قطاع إنتاج المياه. ومع ذلك، لا يزال  هناك الكثير من البحث الذي يتعين 
القيام به حول هذه العوامل وتأثيرها المشترك على نجاح المشاريع. تتناول هذه الدراسة مشكلة لم 

حث بشكل كافٍ والمتعلقة بتنبؤ الطلب على دوران المخزون وتأثيره على الأداء التنظيمي في تبُ
شهراً على البيانات التشغيلية لشركة مياه معبأة  14صناعة تصنيع المياه. تكشف دراسة امتدت 

ي أن ديناميكيات التشغيل المختلفة تكون أكثر وضوحًا في الزجاجات البلاستيكية الصغيرة منها ف
العبوات الزجاجية وحاويات الجالون الكبيرة. تظُهر النتائج الرئيسة وجود اختلافات ملحوظة في 

( نظراً لانخفاض 96.35دوران المخزون، إذ تفوقت الزجاجة الزجاجية بفارق كبير )النسبة: 
النفقات المرتبطة بحملها، في حين كانت العبوات البلاستيكية الصغيرة أقل بشكل ملحوظ في 

 DESيتفوق على  ARIMA(، متأثرة بتقلبات الطلب.  ويظُهر هذا البحث أن 20.50لدوران )ا
إلى  0.717من  R²% وقيم 23.53إلى  10.5من  MAPEفي دقة التنبؤ، إذ  تتراوح قيم 

 22,112إلى أن الطلبات الكبيرة على الزجاجات الزجاجية ) EOQ. و أشار تحسين 0.833
دولاراً. في المقابل، أدت  5,933.44وحدة( أصبحت الآن مثالية، حتى مع تكاليف إعداد تبلغ 

%( 95وحدة من العبوات الزجاجية بمستوى خدمة  9,557، كمثالإعدادات المخزون الاحتياطي )
عد هذه الدراسة قيمّة من الناحية النظرية؛ لأنها تربط إلى تقليل نفاد المخزون بشكل فعال. تُ 

مقاييس دوران المخزون بخوارزميات التنبؤ ضمن أطر الأداء المعمول بها، كما تظُهر، عملياً، 
والمحددة بالحجم أن تحُسّن  ARIMAونقاط إعادة الطلب المستندة إلى  EOQsكيف يمكن لـ 

م الموارد. ثم تخُتتم الدراسة بتشجيع اعتماد أنظمة التنبؤ موثوقية التسليم وكفاءة التكلفة واستخدا
 في الوقت الفعلي وتغيير سياسات المخزون للعمل بشكل أكثر فعالية في سوق متقلبة للغاية.

  :الكلمات المفتاحية
، ARIMAالتنبؤ بالطلب، دوران المخزون، تصنيع المياه، تحسين كمية الطلب الاقتصادية، 

  أداء المشروع
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1. Introduction 

The use of effective performance measures is essential for optimizing 

operational efficiency; however, the ongoing changes in the business world make 

achieving successful inventory management increasingly complex, particularly when 

balancing production with customer demands. This is especially true in the 

manufacturing sector, where inventory turnover rate (IT) and demand forecasting are 

crucial. Effectively managing inventory and accurately forecasting demand are now 

essential strategies for meeting customer needs and achieving organizational 

objectives. In this context, accurate demand forecasting has become a critical tool, 

enabling organizations to anticipate market needs and streamline inventory processes. 

Inventory turnover and demand forecasting are vital to maintaining optimal stock 

levels, reducing expenses, and improving customer satisfaction. This research 

analyzes the relevance and influence of these two performance indicators within the 

industry, emphasizing their use in enhancing overall production performance. (Arnaiz 

et al., 2023;Thompson, 2024).  

The optimal inventory turnover sustains organizational efficiency through 

minimizing the risk of overstocking, optimizing cash flow, and accelerating the 

conversion of goods to revenue. This operational efficiency gives organizations a 

competitive edge and makes them more agile in a dynamic market. A sound inventory 

management system thus helps in balancing supply and demand to avoid shortages and 

surpluses. This balance minimizes waste and ensures continuous customer satisfaction. 

(Deni & Puji, 2023; Hasanah, 2022; Sahoo et al., 2021). Currently, both inventory 

management and demand forecasting are becoming increasingly important for 

operational efficiency and customer satisfaction. De Menezes et al., (2023) 

Corroborated the same. According to Abolghasemi et al. (2020) Inaccuracies in 

demand forecasting typically lead to significant operational inefficiencies, such as 

overstocking or stockouts, thereby adversely affecting overall business performance. 

When strategically integrated, these two functions allow organizations to reduce 

operational costs, increase sales, and enhance profitability. Thus, stock turnover and 

demand forecasting have become the most essential tools for enhancing project 

performance. These allow the company to synchronize supply chain capabilities with 

actual customer demand, thereby managing market complexity, eliminating waste, and 

achieving sustainable competitive advantage. To gain a clearer understanding of the 

factors that influence project performance and outcomes, this study seeks to address 

the following research questions: 

• What is the impact of inventory turnover on company performance? 

• How does demand forecasting influence company outcomes? 

• How do key inventory metrics such as Economic Order Quantity (EOQ), safety 

stock, and reorder point affect project performance? 

• How do inventory turnover and demand forecasting interact to affect project 

performance? 
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2. Theoretical background 

2.1 Inventory Management and Project Performance 

Project performance has been recognized as one of the most important factors 

affecting organizational performance in project-proficient settings. Initial 

methodologies for evaluating project success were often based on the "Iron Triangle" 

framework, which posits that successful delivery depends on adherence to 

predetermined cost, time, and quality objectives (Maqsoom et al., 2020). Such 

characteristics are essential at every stage of a project, from planning through 

execution to delivery. However, as projects have become increasingly complex and 

dynamic, renewed inquiry has arisen into whether these three factors are sufficient 

indicators of real project success. Therefore, the shift is now towards including broader 

measures of project success, such as the value it produces, stakeholder trust, 

organizational reputation, and customer satisfaction (Kabirifar & Mojtahedi, 2019; 

Zhu et al., 2021). From the dawn of humanity, inventory management has existed and 

has transformed tremendously over the last century due to technological advances. The 

Greeks and Egyptians enhanced the manual system of product recording that traders 

used before the advent of record-keeping. These continual improvements to inventory 

operations have led to cost reduction and enhanced customer satisfaction (Munyaka & 

Yadavalli, 2022). The first use of the term “inventory” was recorded in 1601, derived 

from the French word “inventaires,” which means “detailed list of goods,” used as 

early as 1415 (Yunusa, 2021). Trading has been part of human life for many centuries. 

Throughout history, literature has invested heavily in presenting various perspectives 

on inventory management. Inventory management is the process of maintaining 

optimal stock levels, along with demand forecasting, stock supervision, and order 

scheduling. As a subtopic of management science, inventory is approached from 

various angles, which leads some researchers to define it as a strategy and others as a 

collection of key activities. Vrat (2014), for example, considers inventory management 

a strategic process of maintaining an adequate level of stock to meet demand, avoiding 

stockouts, and maximizing cost efficiency by minimizing excess stock and storage 

costs. As described in the literature review, there are two primary goals in inventory 

planning. These aims include purchasing the correct quantity and quality of a given 

supply at the right time while minimizing inventory holding costs. This method 

ensures that these items are present at the right places and at the correct times, thereby 

enabling the execution of operations/services (Ajayi et al., 2021). The secondary 

objective is to achieve the desired service level at the lowest possible values. 

Achieving set objectives presents a challenge to optimal spending. 

  

2.2 Concept and Measurement of Inventory Turnover 

Inventory is a crucial aspect of strategic management in every organization. It 

is the stock of items held by a company for future use; the makeup of that stock is 

contingent upon specific requirements in its operations. (Shukaili et al., 2023). The 

most important index for measuring the effectiveness of inventory management is the 

inventory turnover ratio. (Silver et al., 2017). Academics regard this measure as one 

of the most important financial variables for assessing inventory management 
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effectiveness. This turnover ratio is regarded as a composite indicator of inventory 

quality, particularly with respect to obsolescence, and of the proficiency of 

procurement and inventory management processes and personnel. (Hill & Zhang, 

2010). Hence, it can be regarded as reflecting managerial competence in using 

organizational resources maximally efficiently. Holding stock incurs costs, and a 

shortage can lead to lost sales. Consequently, organizations must control inventory at 

the optimum levels to minimize overall costs. (Akbar, 2023). The benefits of holding 

an inventory include predictability, protection against demand fluctuations, protection 

against unreliable supply, price protection, quantity discounts, and low ordering costs. 

With adequate inventory turnover, organizations can manage production levels 

effectively to avoid overstocking. (Nuraini, 2021). Inventory turnover is calculated 

using the following steps, with the standard formula. (Vista et al., 2023): 

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟, 𝐼𝑇 =
𝐶𝑜𝑠𝑡 𝑜𝑓 𝐺𝑜𝑜𝑑𝑠 𝑆𝑜𝑙𝑑 (𝐶𝑂𝐺𝑆)

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 (𝐴𝐼)
                        (1)     

COGS refers to the total cost incurred in producing the water sold within a specific 

period. At the same time, average inventory is defined as the average value of stock 

held over a period. 

Step 1: Determine COGS  

𝐶𝑂𝐺𝑆 = 𝐵𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝑜𝑓 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 +  𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑠 −  𝐸𝑛𝑑𝑖𝑛𝑔 𝑜𝑓 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦                  (2) 

Step 2: Calculate Average Inventory, AI 

𝐴𝐼 =  
𝐵𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 + 𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦

2
                            (3) 

For highly volatile inventory, averaging monthly or quarterly turnover works fine (13 

months may be appropriate as a year). 

Step 3: Calculate Inventory Turnover from equation (1) 

On the other hand, there is an alternative formulation to extract inventory turnover (IT) 

using sales revenue, which is a less common method (Vista et al., 2023). 

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟, 𝐼𝑇 =  
𝑁𝑒𝑡 𝑆𝑎𝑙𝑒𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 (𝐴𝐼) 
                             (4) 

Limitation: Efficiency will be overstated if sales are recorded with a markup (cost of 

goods sold is preferred). The days of sales of inventory (DSI) can be calculated by 

considering the average duration inventory is retained prior to sale. 

𝐷𝑆𝐼 =  
365

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑅𝑎𝑡𝑖𝑜
                                                      (5) 

By analyzing inventory turnover, organizations can enhance operations and maintain 

a balance between supply and demand. Pratama et al. (2020) Defined it as the ratio of 
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the cost of products produced to the average inventory over a specific period. 

According to (Sunaryo & Lestari, 2023). The inventory turnover ratio is calculated by 

dividing the cost of products sold by the average inventory. 

 

2.3 Concept and Importance of Demand Forecasting 

Demand forecasting is the systematic process of projecting future demand for 

a given product, typically by analyzing historical demand patterns and current market 

intelligence. This essentially assists in inventory-buying decisions by anticipating 

consumption trends to help optimize stock levels and working capital. These methods 

use historical sales data to build a predictive model of current customer demand. 

(Karwankar et al., 2021). 

Demand forecasting can be conducted over various time periods, such as days, 

weeks, months, or quarters. After selecting a specific time frame, historical demand 

data for those periods is utilized to anticipate future requirements for similar intervals. 

(Thomopoulos, 2015). A forecast presents the anticipated future events through 

meticulous analysis. However, forecasting plays a crucial role in identifying future 

uncertainties early and mitigating potential risks. It details what suppliers must do to 

implement their production plans or fulfill orders from partners further along the 

supply chain. (Yücer, 2006). 

 

2.4 Gaps in Existing Literature 

The literature currently has several significant gaps that this work intends to 

fill. There is voluminous literature on inventory management and demand forecasting. 

However, few studies have examined the combined effect of the two on project 

performance, much less in the water manufacturing sector. Most past studies have 

treated inventory turnover and demand forecasting separately, rather than investigating 

their interrelationships. Additionally, most studies focus on general manufacturing or 

retail settings and do not account for the specific challenges faced in the water 

manufacturing industry, such as regulatory requirements, reliance on infrastructure, 

and the potential for water products to spoil. In standard literature, project performance 

is considered primarily in terms of time and cost efficiency. This limited view excludes 

other important areas, such as social and environmental sustainability impacts, 

stakeholder satisfaction, and long-term operational resilience. Such a restricted 

interpretation is extremely unfortunate because it poses significant difficulties for 

developing economies, where limited infrastructure and resource availability often 

create severe operational constraints that are seldom accounted for in typical inventory 

management paradigms. Despite growing stakeholder recognition of corporate 

governance, the literature does not address ethics and sustainability considerations 

associated with inventory management in the water-producing industry. The above 

research gaps provide sufficient justification for theoretical and applied research to 

foster more evidence-based improvements in inventory systems within this vital 

sector. 
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3. Research Methodology 

This section describes a comprehensive methodological framework for analyzing 

the impact of inventory turnover and demand forecasting on project success. There are 

several practically important roles that a research design might embrace, including 

stating the research design itself, recognizing and describing the sources of data, 

establishing protocols for data collection and types of variables, examining forecasting 

techniques, measuring inventory using a developed model, and then analyzing data to 

evaluate the aforementioned analytical framework. 

3.1 Data Source 

The Sulaimani bottled drinking water production, considered one of the largest 

branches of the regional consumer goods market in the Kurdistan Region of Iraq, has 

consistently grown due to urbanization, population growth, and enhanced public 

awareness of water safety and health. The industry comprises small and medium-sized 

companies with varying technological capacities and production levels. Due to its 

favorable geographic location, both for uninterrupted access to clean water and for an 

industrial environment conducive to peace, Sulaimani became a hub for bottled water 

production. The ineffectiveness of municipal water networks also drove industry 

development, increased dependence on bottled water, and enhanced government 

incentives to attract private investment into manufacturing (KRG, 2023). In this case, 

one bottled water company in Sulaimani was selected based on its product range, 

available data, and willingness to cooperate. The research uses secondary data for 14 

months (January 2024-February 2025) from the company’s internal records. 

3.2 Data types and collection 

Secondary data were used in this study since they were extracted from 

operational records maintained by a bottled-water manufacturing firm. This dataset 

covers the period from January 1, 2024, to February 21, 2025, and includes multiple 

quantitative variables relevant to demand forecasting, inventory turnover, and project 

performance. 

3.2.1 Demand Data 

The demand data would provide end-of-day sales volumes in three product 

categories: small plastic bottles, glass bottles, and large gallon containers. Such data 

reflect real market demand, which is essential for evaluating the accuracy of the 

models' forecasts. The sales records give historical demand patterns necessary to test 

and validate predictive models such as ARIMA and DES. 

3.2.2 Lead-time Data 

Lead-time data represents the time intervals between order placement, 

production, and inventory replenishment. It includes both internal processing time and 

external procurement duration. These data points help determine the responsiveness of 

the production and inventory systems to fluctuating demand and are essential for 

modeling just-in-time inventory practices and service-level analysis. 
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3.2.3 Holding Cost and Setup Cost (Incorporating COGS) 

The study can be divided into two basic cost components: holding cost (h) and 

setup cost (A), where the holding cost represents the total cost incurred by a company 

or project for storing materials in warehouses or the manufacturer's costs incurred for 

holding finished goods in inventory and on the other hand setup cost which indicates 

the expenditure incurred for preparing equipment for processing a new batch of items, 

thus classifying it as a batch-level cost in activity-based costing (ABC). 

The derivation of holding cost (h) is calculated as follows: 
 

ℎ = (𝐼)(𝐶) + (𝐶𝑂𝐺𝑆 ∗ 𝑟)                                                                         (6) 
 

In this context, there is I, which is the holding cost as a percentage of inventory value. 

This cost includes capital investment, insurance, and opportunity costs. C is the price 

per unit for holding the item, whereas COGS is the cost of goods sold per unit ($), and 

(r) is the annual capital opportunity rate and equal to (% 8) (Chopra & Meindi, 2010; 

Nahmiasn & Olsen, 2015) I can be evaluated as the result of dividing investment cost 

per item (IC) by expected demand per day (DL): 
 

𝐼 =  
𝐼𝐶

𝐷𝐿
                                                                                                                              (7) 

The setup cost (A) can be derived through the following calculation, utilizing the 

predetermined holding cost (h), projected daily demand (DL), and unit price per metric 

item. 
 

𝐴 + ℎ =  
(𝐷𝐿)(𝑆𝑃)

𝐼𝐶
 

Where SP is the selling price per item (bottle). Therefore, 
 

𝐴 =  
(𝐷𝐿)(𝑆𝑃)

𝐼𝐶
− ℎ                                                                                                   (8) 

3.3 Inventory Turnover  

The study investigates inventory management practices in the bottled water 

manufacturing sector, which are highly dependent on shelf life, warehouse costs, and 

changing market demand. This study is concerned with size-specific inventory 

turnover (bottles are classified as small, medium, and large), with the purpose of (i) 

profiling the classification with the most effective sales conversion and (ii) 

establishing the relationship between inventory flow dynamics and some of the key 

operational variables: production planning and distribution logistics, as well as overall 

project cost-effectiveness. (Nuraini, 2021). 

It will calculate the inventory turnover for each bottle size using the following formula: 

 

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟, 𝐼𝑇 (𝑖𝑡𝑒𝑚 𝑠𝑖𝑧𝑒) =  
(𝐶𝑂𝐺𝑆)𝑓𝑜𝑟 (𝑖𝑡𝑒𝑚 𝑠𝑖𝑧𝑒)

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 (𝐴𝐼)𝑓𝑜𝑟(𝑖𝑡𝑒𝑚 𝑠𝑖𝑧𝑒) 
      (9) 
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For each type of water bottle, COGS refers to the direct production cost of the specific 

bottle size, including raw materials (bottles, water, labels), labor, and overheads. 

Thus, Aggregate Turnover (Company-Wide) 

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐼𝑇 =  
(𝐶𝑂𝐺𝑆)𝑓𝑜𝑟 (𝑎𝑙𝑙 𝑠𝑖𝑧𝑒𝑠)

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 (𝐴𝐼)𝑓𝑜𝑟(𝑎𝑙𝑙 𝑠𝑖𝑧𝑒𝑠) 
          (10) 

Where, 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦  𝑉𝑎𝑙𝑢𝑒 =  
𝐸𝑂𝑄 

2
+  𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘 ∗ 𝐶𝑂𝐺𝑆 

 

3.3.1 COGS Data 

Primary data will be collected by gathering the cost of goods sold (COGS) and 

inventory metrics from three primary organizational sources: (i) internal production 

records, (ii) inventory management systems, and (iii) corporate financial statements 

over a longitudinal timeframe of 14 months. Methodologically, the framework under 

which this research operates will include weekly inventory counts and monthly 

computation of the Cost of Goods Sold (COGS). For analysis, an analytical 

methodology will be applied to each product type: small plastic bottles, glass bottles, 

and large gallon containers. To enhance methodological accuracy, the study will 

implement strategies to control for important temporal covariates, such as production 

batch cycles and seasonal consumption patterns, especially around planning for the 

peak demand period, the summer months when most sales transactions occur. 

COGS = Beginning of Inventory +  Purchases −  Ending of Inventory           (11) 
 

𝐶𝑂𝐺𝑆 ≈  %70 The selling price unit (industry average for water manufacturing) is an 

industry-specific assumption. (Nahmiasn & Olsen, 2015). The traditional cost 

structure in bottled water manufacture is indicated by Rodwan (2023), which estimates 

COGS upwards of 70% of the selling price per unit. These consist of three main 

components: (i) raw materials (bottles, caps, labels), constituting 40-50% of the total 

unit costs; (ii) direct labor costs, 15%-20%; and (iii) overheads, which constitute about 

10%-15%. A 70% parameter falls within the conservative mid-level of this set of 

aggregate cost parameters. 

3.3.2 Average Inventory 

To compute inventory turnover accurately, one needs to determine the Average 

Inventory for each bottle type: small, medium, and large. In this study, average 

inventory refers to the mean stock level maintained over a specified period and is 

placed in the denominator of the inventory turnover ratio. 

𝐴𝐼 =  
𝐵𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 + 𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦

2
                                           (12) 
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3.4 Double Exponential Smoothing 

Here we are now in the Double Exponential Smoothing (DES) method, intended 

for data forecasting without a strong seasonal effect, provided a trend is present. It 

builds on its simpler predecessor by adding a smoothing component to account for the 

trend. The following equation calculates DES. (Moiseev, 2021): 

𝑆𝑡 =  𝛼𝑌𝑡 + (1 − 𝛼)(𝑆𝑡−1 + 𝑇𝑡−1)                                                      (13) 
𝑇𝑡 =  𝛾[𝐿𝑡 −  𝐿𝑡−1] + (1 − 𝛾)𝑇𝑡−1                                                    (14) 
𝑌̂𝑡 =  𝑆𝑡−1 +  𝑇𝑡−1                                                                                  (15) 

where,  

𝑆𝑡: Time t of the Level  

𝛼: Level Weight 

𝑇𝑡: Time t Trend  

𝛾: Trend Weight  

𝑌𝑡: Time st Data value 

𝑌̂𝑡: Time t Forecasted value      

The actual current value of a series is substituted with an estimated smoothed value. 

There are different methods of determining the original value of 𝑇1: 
𝑇1 =  𝑌2 −  𝑌1                                                                              (16) 

 

𝑇1 =
[(𝑌2 − 𝑌1) + (𝑌3 − 𝑌2) + (𝑌4 −  𝑌3)]

3
                              (17) 

                     𝑇1 = (𝑌3 −  𝑌1)(𝑛 − 1)                                                                   (18) 

 

Mean Absolute Deviation (MAD) is the measure of accuracy of the model for 

customized time series values. Accuracy is expressed in the same units as the amount 

of error is estimated (Leung et al., 2009). The calculation formula of MAD can be 

represented as follows: 

𝑀𝐴𝐷 =  
1

𝑛
∑|𝑌𝑡 −  𝑌̂𝑡|

𝑛

𝑡=1

                                                          (19) 

where n represents the number  

 

3.5 ARIMA Model 

The ARIMA model is used to forecast time series data that may exhibit 

autocorrelation and non-stationarity. It is well-suited to model the underlying structure 

of demand data, including trends and lags. The autoregressive model of order p is 

practically displayed in the following equation: 
 

𝑌𝑡 = 𝐶 +  ∅1𝑌𝑡−1 +  ∅2𝑌𝑡−2+ . . . + ∅𝑝𝑌𝑡−𝑝 + 𝜀𝑡                              (20) 
 

there ∅1, .  .  .  . , ∅p Are the corresponding coefficients of observations Yt to be 

estimated in historical time, and εt Is an error term of white noise. The MA in ARIMA 

stands for moving average, which is denoted by q in the model. While the AR model 
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is based on previous observations, the MA model is based solely on previous forecast 

errors. The following is the most commonly written set of MA equations of order q 

(Swaraj et al., 2021): 
 

𝑌𝑡 = 𝐶 +  𝜀𝑡 +  𝜃1𝜀𝑡−1 +  𝜃2𝜀𝑡−2− . . . − 𝜃𝑞𝜀𝑡−𝑞                                (21) 

 

where 𝜃1, .  .  .  . , 𝜃𝑞  The estimated coefficients ensure that the time series is stationary. 

The "I" in ARIMA stands for "integration," which is indicated by the parameter d in 

the model. A non-seasonal ARIMA model is formed by differencing the time series at 

least once (rendering it stationary) and joining it with AR and MA models. The 

difference thus becomes the reverse operation of integration. The ARIMA equation 

can be given as follows: 

𝑌𝑡
/

= 𝐶 +  ∅1𝑌𝑡−1
/

+ . . . + ∅𝑃𝑌𝑡−𝑝
/

−  𝜃1𝜀𝑡−1− . . . − 𝜃𝑞𝜀𝑡−𝑞 +  𝜀𝑡            (22) 

where 𝑌𝑡
/
 Signifies a group of differentiations compared with several occasions, and 

on the right side of the equation consists of both the lagged observations of the AR 

model and the lagged errors of the MA model (Selvaraj et al., 2020). 

 

3.6 Optimizing order quantity and cost 

An order quantity that is more likely to reduce the total inventory cost, 

including holding and setup costs, is called the optimal order quantity. Blackburn and 

Scudder (2009) Developed a cost function in context, which should minimize the 

expenditure under the inventory model and is expressed in the subsequent equation. 

(
𝑇𝑜𝑡𝑎𝑙 

𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 
𝑐𝑜𝑠𝑡. 𝑇𝐶

) =  (
𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑖𝑛𝑔 

𝑐𝑜𝑠𝑡, 𝑐
) + (

𝐻𝑜𝑙𝑑𝑖𝑛𝑔 
𝑐𝑜𝑠𝑡, ℎ

) +  (
𝑆𝑒𝑡𝑢𝑝
𝑐𝑜𝑠𝑡, 𝑘

) +  (
𝑆ℎ𝑜𝑟𝑡𝑎𝑔𝑒

𝑐𝑜𝑠𝑡, 𝑝
) 

Shortage costs are not considered in this study because this was assumed in the model. 

Taha (2017) Further suggested that the purchase cost can be ignored in the following 

equation. 

(
𝑇𝑜𝑡𝑎𝑙 

𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 
𝑐𝑜𝑠𝑡. 𝑇𝐶

) =   (
𝐻𝑜𝑙𝑑𝑖𝑛𝑔 

𝑐𝑜𝑠𝑡, ℎ
) +  (

𝑆𝑒𝑡𝑢𝑝
𝑐𝑜𝑠𝑡, 𝑘

) 

This study examines three items (small plastic bottles, glass bottles, and large gallon 

containers). The holding cost for each item is denoted hi (where i = 1, 2, 3), whereas 

the setup cost is constant per item and unaffected by the order quantity. Furthermore, 

the demand lead time (DLDL) for each item is independent, represented 

as 𝐷𝐿𝑖
, (where i = 1,2,…,n). Consequently, both the total inventory cost (TC) and the 

order quantity (q) vary based on hi and 𝐷𝐿𝑖
, and can thus be expressed as TCi and qi, 

respectively. 
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According to inventory theory, the average inventory level during a cycle is 
𝑞

2
 , and the 

cycle length is 
𝑞

𝐷𝐿
   (Hillier & Lieberman, 2010). Hence 

ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡, ℎ𝑖  / 𝑐𝑦𝑐𝑙𝑒 =  
ℎ𝑖𝑞𝑖

2

2𝐷𝐿𝑖

                                                           (23) 

The demand lead time (𝐷𝐿𝑖
) is derived from Equation (23) using the Double 

Exponential Smoothing (DES) method for one-period-ahead predictions (daily 

forecasts). Consequently, 

𝑇𝐶𝑖 𝑝𝑒𝑟 𝑐𝑦𝑐𝑙𝑒 = 𝐴 + 𝑐𝑞𝑖 +  
ℎ𝑖𝑞𝑖

2

2𝐷𝐿𝑖

                                        (24) 

The TC per unit time is: 

𝑇𝐶𝑖 =  

𝐴 + 𝑐𝑞𝑖 +
ℎ𝑖𝑞𝑖

2

2𝐷𝐿𝑖
𝑞𝑖

𝐷𝐿𝑖

=  
𝐷𝐿𝑖

𝐴

𝑞𝑖
+  𝐷𝐿𝑖

𝑐 +  
ℎ𝑖𝑞𝑖

2
                       (25) 

By taking the derivative, we obtain 
𝑑𝑇𝐶𝑖

𝑑𝑞𝑖
=  −

𝐴𝐷𝐿𝑖

𝑞𝑖
2

+  
ℎ𝑖

2
                                                  (26) 

 By setting Equation (26) equal to zero, 

 

𝑞𝑖
∗ =  √

2𝐴𝑖𝐷𝐿𝑖

ℎ𝑖
 , 𝑖 = 1, 2, 3                                                      (27) 

Equation (27) provides the mathematical formulation for determining the optimal 

order quantity. The total cost per unit time can subsequently be calculated by 

substituting Equation (27) into Equation (25), yielding the following expression. 

(Chopra & Meindi, 2010; Nahmiasn & Olsen, 2015). 

𝑇𝐶𝑖 =  √2𝐴𝑖ℎ𝑖𝐷𝐿𝑖
+ (𝑆𝑆 ∗ 𝑆𝑂𝐺𝑆 ∗ 0.08),        𝑖 = 1, 2, 3                                    (28) 

 

3.7 Safety Stock Optimization 

In inventory management systems employing continuous review with constant 

demand models, service level (SL) is typically measured as the probability of avoiding 

stockouts per order cycle. This calculation ensures that the specified service level 

probability is achieved, where the demand during lead time (DL) does not exceed the 

reorder point (R) (Saliji, 2021). Thus, 
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𝑃(𝐷𝐿 ≤ 𝑅) = 𝑆𝐿 =  ∅ (
𝑅 − 𝜇𝐿

𝜎𝐿
) =  ∅ (

𝑆𝑆

𝜎𝐿
)                                                             (29) 

Given the relationship 𝑆𝑆 = 𝑅 − 𝜇𝐿, where SS represents safety stock, R is the reorder 

point, and 𝜇𝐿 Denotes the mean demand during the lead time; the standardized ratio. 
𝑆𝑆

𝜎𝐿
 Corresponds to the safety factor K for a specified service level (SL). It is evident, 

from the perspective of K as a safety factor, that the overall probability distribution 

representing lead-time demand is a condition. In other words, if lead-time demand 

were normally distributed, one could directly obtain K from standard regular 

distribution tables for the desired service level. (Maqsoom, et al., 2020). Consequently, 
 

𝑆𝑆 = 𝐾𝜎𝐿                                                                                                           (30) 
 

Safety stock is an important factor in inventory management regarding both the setting 

of the reorder point and the mitigation of delays in order preparation or replenishment. 

Safety stock fulfills customer demand during the period between the time the reorder 

point is reached and the time a new order quantity (Q) is released. Thus, carrying too 

high a level of safety stock increases holding costs, leading to poor stock conditions 

and stock-outs. Hence, the optimal safety stock quantity is given in Equation (30). 

 

3.8 Establishment of the reorder point 

A fundamental parameter in inventory management systems is the reorder 

point (R) when implementing any inventory policy. The determination of R follows a 

consistent methodological approach across various inventory policies, where it is 

derived as the sum of safety stock (SS) and the mean demand during lead time (𝜇𝐿 ), 

expressed as  𝑅 = 𝑆𝑆 + 𝜇𝐿 . This formulation serves as the foundational calculation 

for single echelon inventory systems. (Maqsoom et al., 2020). 

Equations (29) and (30) demonstrate that the reorder level R is functionally 

dependent on two key components: the safety stock S and the mean demand during 

lead time, irrespective of the specific inventory policy being implemented. 

Consequently, 
 

  𝑅 = 𝑆𝑆 +  𝐷𝐿                                                                        (31) 
 

4. Results and Discussion 

Demand data fluctuations are presented in Figure 1 for the Small Plastic Type, 

Figure 2 for the Glass Bottles, and Figure 3 for the Large Gallon Containers. Overall, 

demand fluctuations exhibit distinct daily patterns across the three product types: small 

plastic containers, large gallon containers, and glass bottles. Among the three, the 

highest volatility is observed in the small plastic containers, ranging from about 1,000 

to 10,000 units, with numerous sudden spikes indicating erratic or reactive consumer 

behavior. Demand for large gallon containers, on the contrary, tends to remain stable 

with moderate fluctuations between 500 and 4,500, which would indicate that 

customers have more predictable purchase behavior. Glass bottles when compared on 
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a larger scale provided a range of 10,000 to 70,000 units, yet generally indicate an 

upward slope through these spikes, which could imply growth in popularity and 

variability either incidental to bulk ordering or market shifts. Therefore, the demand 

data exhibit a trend, either increasing or decreasing. The double Exponential 

smoothing is considered by (Moiseev, 2021). To be the best forecasting procedure for 

deriving the mean and the standard deviation in this situation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

4.1 Lead Time Data Analysis 

Lead time is a time interval between placing an order and the replenishment of 

inventory and is thus an important determinant of supply chain responsiveness. The 

operational data analysis from the bottled water manufacturer in Sulaimani confirms a 

Figure (1). The Daily Demand of Small Plastic 

Type 

Figure (2). The Daily Demand of Glass bottles 

Type 

Figure (3). The Daily Demand of Large gallon containers Type 
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fixed one-day lead time for all product types (small plastic bottles, glass bottles, and 

large gallon containers). This strode period includes internal work (production 

scheduling, quality checks) as well as external procurement (raw material delivery), 

enabling just-in-time inventory practices. 

The consistent one-day lead time greatly simplifies the demand and inventory 

modeling process. 

• DL: Demand during lead time is equal to daily demand since replenishment occurs 

within 24 hours.  

• Safety Stock, SS Calculations: Sharpens the variability risk calculation since  
𝐶𝑎𝑝𝑆𝑖𝑔𝑚𝑎𝜎𝐿 (standard deviation of lead time demand) is equal to daily demand 

variability.  

• Reorder Points: Directly related to daily sales averages (Table 11), because R = SS 

+ μL (Equation 31) uses μL = DL (daily demand). 

 

4.2 Double Exponential Smoothing (DES) 

Given its ability to capture trends in time series data, the Double Exponential 

(DES) model was applied to predict demand for three classes of water products (small 

plastic bottles, glass bottles, and large gallon containers). Initializing involved defining 

the level component (S0) as equal to the first observed demand value (Y1) and setting 

the initial trend (T0) to the difference between the second and first observations 

(Equation 16). After this setting, the model updated the level and trend iteratively for 

each subsequent period: level (St) was smoothed by a weighted average of the current 

observation and the past level trend combination (Equation 15), whereas trend (Tt) was 

adjusted by the difference between the two last levels and the previous trend (Equation 

14). Smoothing parameters (α) for level and γ for trend were optimized by grid search 

to minimize the Mean Absolute Deviation (MAD, Equation 19) using a training subset 

of the dta. Forecasts (𝑌̂𝑡+1) were made by adding together the most recent estimates of 

level and trend (Equation 15). One-period-ahead demand forecasts were generated 

using Double Exponential Smoothing (DES), which were significant contributors to 

lead-time inventory calculations. The first-period trend T1 was obtained from 

Equation (18), where Y1 and Y3 represent the first and third historical demand 

observations, respectively, and n is the adjustment period. This provides a stabilized 

estimate of the trend, reducing the volatility of the single-interval differences. For the 

following periods, the model updated the level (St) and trend (Tt) components using 

Equations (13) and (14), where the smoothing parameters (α and γ) were chosen to 

minimize MAD using Equation (19). The one-period forecast (𝑌̂𝑡+1) was calculated as 

St+Tt (Equation 15) and was used as demand during lead-time (DL) for inventory 

optimization. This one-period forecast value was directly fed into calculations for 

safety stock (SS) (Equation 30) and the reorder point (R) (Equation 31), ensuring the 

forecast aligned with the company's operational replenishment cycles. These 

procedures have been applied to each individual water product item considered. Table 

1 presents the DES-determined values of the mean, DL, and standard deviation (sigma 

sub cap L) of demand. 
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Table (1). Determined values of mean, DL, and standard deviation, 𝜎𝐿 of the demand by using 

DES 

Measures 
Water Products Items 

Small Plastic Box Glass Bottles Type Large Gallon Containers 

DL 615 4662 269 

𝜎𝐿 769 5827 336 

4.3 ARIMA Model 

Before implementing the ARIMA model, a preliminary seasonal analysis was 

conducted to examine fluctuations in the demand data. The three water product groups, 

namely Small Plastic Bottles, Glass Bottles, and Large Gallon Containers, show quite 

different, distinct seasonal trends in Figures 2 through 4. Since seasonality is evident, 

the ARIMA model acts as a linear forecasting tool using the Business Forecasting 

Solution for Business software (GMDH-SHELL, 2018). The forecasted and actual 

demand data in Figures 4 through 6 align and show the model's linear trend 

approximation. Forecasting began in the third data period, or Lag 3 (post-peak), and 

linear forecasting continued for the next 60 days, a duration ratified by empirical 

studies (Satrio et al., 2021; Swaraj et al., 2021). The exclusion of pre-Lag 1 data from 

the model is well justified, as seasonal peaks characterize the summer months. 

Performance evaluation was conducted using RMSE, MAE, and MAPE, as well as 

goodness-of-fit (R²), and the results are shown in Table 2. It is found that ARIMA can 

achieve high forecasting accuracy, as evidenced by its lowest MAPE, indicating low 

error. The R² values of 0.784, 0.833, and 0.717 for the products indicate how well the 

linear regressions fit; higher R² values indicate how closely the observed data match 

their predicted values (Satrio et al., 2021). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure ( (.4  ARIMA model for Small Plastic Bottles type 
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Table (2). Evaluating ARIMA models' performance 

Water Products Items 
ARIMA set 

RMSE MAE MAPE R2 

Small Plastic Type 1001.09 760.372 % 21.13 0.781 

Glass Bottles Type 7575 6018 % 23.53 0.833 

Large Gallon Containers 292.37 230.92 % 10.5 0.717 

 

4.4.Holding Cost Values 

Holding costs, h, entail costs supported by the firm, factory, or the project when 

materials are stored in the depot. It consists of the following elements: interest on 

capital, rent of the storage site (including electricity, water, cooling, etc.), insurance 

costs for natural hazards, losses due to product damage, and investment costs. In some 

instances, holding costs may not be obtained directly, since they depend on the 

Figure ( .(5  ARIMA Model for Glass Bottles type 

 

Figure ( .(6  ARIMA model for Large Gallon Containers type     
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inventory level (I) and the cost per unit (C). Thus, according to Equation (7), Table 3 

presents the I values for the three items. 

 

Table (3). The values of Inventory level, I, for the products 

Items DL IC The result of I 

Small Plastic Type 615 0.758621 0.0012335 

Glass Bottles 4662 0.37931 0.0000234 

Large Gallon Containers 269 0.862069 0.0032047 

The unit cost (C) and COGS for each product are presented in Table 4. Using Equation 

(6), the holding costs (h) for the three products were calculated, as shown in Table 5. 

 Table (4). The unit cost, C, for each product 

Products Unit Cost, C   ($)  𝐶𝑂𝐺𝑆 ≈  %70 of C 

Small Plastic Type 0.733 0.513 

Glass Bottles 0.367 0.257 

Large Gallon Containers 0.833 0.583 

 

                  Table (5). Extracting the holding cost, h for the three products 

Products The holding cost, h ($) 

Small Plastic Type 0.0419 

Glass Bottles 0.0206 

Large Gallon Containers 0.0493 

 

The holding costs (h) in Table 5 reflect the per-unit storage cost. For instance, 

the holding cost of Small Plastic Type amounts to $0.0419 per unit meaning it has low 

storage costs because of probably good warehousing and light packaging. Glass 

Bottles, on the contrary, appear to be extremely low with a holding cost of $0.0206 for 

every unit, implying that such materials would really not require much storage, perhaps 

on account of quick turnover or small storage methods. On the high side, Large Gallon 

Containers have a holding cost of $0.0493 per unit, likely because their storage needs 

are bulkier or require special conditions (e.g., temperature controls). The low figures 

across all products provide evidence that the company manages its stock efficiently 

and thus does not incur a substantial storage cost burden. However, the near-zero cost 

of glass bottles raises questions about potential underestimation or unique operational 

advantages, such as high demand velocity and reduced dwell time. 

 
 

4.5 Setup Cost Values 

The setup cost is a fixed cost that does not depend on order quantities for 

producing and purchasing items. It consists of the amount spent on audit requests and 

follow-up, the cost incurred per item stored in a depot, the cost incurred in setting up 
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production, costs incurred as a function of the environment, depreciation or demolition 

of buildings, and inspection costs for flawed or shoddy items or for inspection quality. 

The extracted value of A from the setup cost is determined by the equation given in 

(8). However, Table 6 presents the A values for the three products. 

 

Table (6). The extracted values of A for the three product categories  

Products DL SP IC h ($) A ($) 

Small Plastic Type 615 0.965517 0.758621 0.0419 782.68 

Glass Bottles 4662 0.482759 0.37931 0.0206 5933.44 

Large Gallon 

Containers 
269 1 0.862069 0.0493 312 

 

Table 6 details the fixed expenses for setting up production batches (A). Moderate 

setup costs are incurred by Small Plastic Type, amounting to $782.68, with the small 

setup associated with mass production forms. Glass bottles, however, have an 

extremely high setup cost of $5933.44, an enormous amount that most probably owes 

its exorbitance to either specialized equipment, labor-intensive processes, or quality 

control measures unique to glass manufacturing. Large Gallon Containers typically 

have setup costs of only $312, which are lower than those for other types, indicating a 

much simpler production setup than for glass bottles. The vast difference in setup costs 

demonstrates the complexity of glass bottle production, which often requires frequent 

equipment recalibration and stringent inspection procedures. These also refer to the 

need for strategic batch scheduling to minimize frequent setups, especially when glass 

bottles with high (A) values could eat into potential profits if careful management is 

not followed. 

 

4.6 Extracting the optimal EOQ 

The optimal order quantity (𝑞𝑖
∗) is determined along with the total cost function 

𝑇𝐶𝑖 From Equations (28). The extracted demand lead time (DL) from Equation (15) of 

the DES model for one period ahead, as presented in Table 1, was also coupled with 

the holding cost (h) and setup cost (A), as previously extracted (Tables 5 and 6). Table 

7 represents the optimal (𝑞𝑖
∗) for each water product type. 

                    Table (7). The optimal order quantity for the product categories 

Product categories 𝑞𝑖
∗ 

Small plastic bottle  23068 

Glass bottle 22112 

Large gallon container 5606 

The values for EOQ in Table 7 indicate the ideal volumes of procurement to minimize 

total inventory cost for each product category. Glass bottles have an extremely high 

EOQ of 22,112 units, which results from their disproportionately high setup cost 

($5,933.44, Table 6) and negligible holding cost ($0.0206/unit, Table 5). This implies 

that ordering in bulk reduces frequent setups, even at massive quantities, because setup 

costs are minimal. The lower EOQs for small plastic bottles (EOQ = 23,068 units) and 
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large gallon containers (EOQ = 5,606 units) are reflected in their moderate setup costs 

($782.68 and $312, respectively) and slightly higher holding costs ($0.0419 and 

$0.0493/unit). By ensuring operational efficiency without overstocking, these 

quantities strike a balance between setup and holding costs. 

 

4.7 Total Cost Analysis 

Having determined the optimal order quantities as presented in Table 4.7, the 

total cost function can subsequently be derived using Equation (31) for all three 

product categories. The resulting minimum total costs for each product category are 

presented in Table 8. 

 

                   Table (8). the minimum 𝑇𝐶𝑖 for product categories 

Product categories 𝑇𝐶𝑖    ($) 

Small plastic bottle  70.89 

Glass bottle 272.10 

Large gallon container 41.96 

 

Minimum total inventory costs obtained from (31) are presented in Table 8. Although 

the EOQ for glass bottles is huge, the total cost is $272.10, which seems 

counterintuitive but mathematically fits the ultralow holding cost revealed here. The 

holding cost of $0.0206 per unit is completely insignificant compared to the high setup 

cost over thousands of units. The smaller proportion of the costs for small plastic 

bottles ($70.89) and large gallon containers ($41.96) can be attributed to the lower 

order quantities and an equally balanced cost structure. 

 

4.8 Optimizing Safety Stock  

Safety stock (SS) is the fundamental ingredient of a stock management system 

for minimizing the uncertainty of stockout events while avoiding surplus 

accumulation. The optimal level of SS establishes a balance between overstocking and 

understocking, aiming to keep shortages to a minimum. As defined by Equation (30), 

safety stock determination includes a safety factor (K), which corresponds to some 

particular service level (or confidence interval) in the context of the normal 

distribution. The K values as presented in Table 9 were obtained through statistical 

analyses conducted on SPSS software (StatSoft.Inc., 2007). Related to various service-

level scenario cases. 

 

        Table (9). Values of Safety Factor, k, Based on Normal Distribution 

Service levels K-values Service levels k-values 

0.90 1.28 0.95 1.64 

0.91 1.34 0.96 1.75 

0.92 1.41 0.97 1.88 

0.93 1.48 0.98 2.05 

0.94 1.55 0.99 2.33 
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Table 9 shows that a high level of service and a high safety factor (k) are associated. 

Based on that, the extracted (SS) for product categories is presented in Table 10.  

 

Table (10). Values of Safety Stock, SS, under Different Service Levels for product 

categories 

product categories Service levels Value of SS 
Service 

levels 
Value of SS 

Small plastic 

bottle 

0.90 984 0.95 1261 

0.91 1030 0.96 1346 

0.92 1084 0.97 1446 

0.93 1138 0.98 1576 

0.94 1192 0.99 1792 

Glass bottle 

0.90 7459 0.95 9557 

0.91 7809 0.96 10198 

0.92 8217 0.97 10956 

0.93 8625 0.98 11946 

0.94 9033 0.99 13578 

Large gallon 

container 

0.90 430 0.95 556 

0.91 454 0.96 593 

0.92 478 0.97 637 

0.93 502 0.98 695 

0.94 525 0.99 790 

The highest service level most similar to cases or literature adopted is 95% 

confidence and 0.05% errors, which is more realistic(Graves & Willems, 2000; Humair 

et al., 2013).  
 

4.9 Reorder Point Establishment 

In finding the reorder points (R) for each product category, Equation (31), 

which factors in the safety stock (SS) and the mean demand during lead time (𝐷𝐿 ) was 

implemented. This crucial inventory parameter establishes the replenishment point 

within the safety stock limits. For the three product categories of small plastic bottles, 

glass bottles, and large gallon containers, the resultant values for reorder points are as 

follows: 

To begin with, safety stock (SS) values were computed via Equation (30), where 𝑆𝑆 =
𝐾𝜎𝐿. The safety factor (K) was based on a target service level of 95% (K = 1.64), while 

𝜎𝐿 (standard deviation of lead-time demand) was derived from DES forecasting results 

(Table 1). The lead-time demand (𝐷𝐿 ) was sourced from historical data, reflecting 

daily sales averages over replenishment cycles. The reorder point for each product was 

then calculated, as shown in Table 11. 
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Table (11). The established Reorder Point for each product category 
product categories SS 𝐷𝐿  R 

Small plastic bottle 1261 615 1876 

Glass bottle 9557 4662 14617 

Large gallon container 556 269 825 
 

The results incorporated in Table 11 show how product-specific demand volatility (𝜎𝐿) 

and lead time variability affect reorder levels. For example, glass bottles are given a 

very high reorder point, as much for the volume of demand as for demand variability. 

In contrast, the R for large containers is low, indicating stable demand patterns. The 

method assumes that lead-time demand follows a normal distribution. 

 

4.10 Inventory Turnover by Product Category 

The inventory turnover ratios were computed utilizing Equation (10). 

Furthermore, the cost of goods sold (COGS) was derived from Equation (11). 

However, COGS approximates 70% of the unit cost Rodwan (2023). Consequently, 

the inventory turnover ratios categorized by product type are displayed in Table 12. 

Where Average Inventory =  
EOQ

2⁄  +  Safety Stock ∗ 𝐶𝑂𝐺𝑆 (Chopra & Meindl, 

2016). The sales data were extrapolated from daily demand (DL; Table 1) over 426 days 

(14 months). These results are summarized in Table 12. 

 

Table (12). Inventory Turnover rates (14 months period) 

Products 
COGS 

($) 
Annual COGS 

Average Inventory 

cost ($) 

Inventory 

Turnover 

Small Plastic Type 0.513 131145 6398 20.50 

Glass Bottles 0.257 595804 6184 96.35 

Large Gallon 

Containers 
0.583 68756 2015 34.12 

 

An inventory turnover ratio of 96.35 suggests that glass bottles are highly efficient in 

terms of asset utilization, given their very rapid sales and low holding costs of $0.0206 

per unit. This very high turnover figure is in keeping with the volatile demand pattern 

and the upward trend of sales for the product as outlined in Section 4.1. It indicates 

healthy inventory utilization but carries the risk of stockouts when demand spikes 

unexpectedly; thus, closely monitoring safety stock levels is necessary. It goes without 

saying that at this level of stock utilization, one should monitor turnover carefully. In 

contrast, large-gallon containers maintained a movement ratio of 34.12, corresponding 

to a demand range of 500 to 4,500 units per day. Keeping holding costs at moderate 

levels ($0.0493 per unit) will substantiate this turn method and imply that inventory 

levels closely match sales patterns, with little risk of overstocking or shortages. 

In other words, an inferior inventory turnover ratio for small plastic bottles: 20.50, 

indicating inefficiency in inventory management. Refinement in this area is 

compounded by highly variable daily demand, ranging from 1,000 to 10,000 units, and 

by maintaining a very high safety stock of 1,261 units. Low turnover ratios are usually 

indicative of an ever-increasing inventory, immobilizing working capital, and higher 
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holding costs. Improvement in this area would probably require updated demand 

forecasting methodologies, coupled with appropriate policy adjustments to align them 

with the high variability in actual sales. 

 

5. Discussion 

This empirical study identifies a synergistic relationship between inventory 

turnover and demand forecasting as a predictor of project performance in the water 

manufacturing industry. Wide variations in inventory turnover were observed across 

products. Glass bottle turnover reached an impressively high rate of 96.35, given the 

very low holding cost ($0.0206 per unit) and sustained demand. This supports the 

observation by Hasanah (2022) that turnover is a valid measure of sales efficiency. 

Conversely, small plastic bottles had a very low turnover ratio (20.50), reflecting poor 

inventory management due to demand volatility (1,000-10,000 units per day) and high 

safety stock levels (1,261 units). This correlates with Elsayed (2015) Findings that link 

poor inventory management to poor financial performance. The analysis further stated 

that, in demand forecasting, ARIMA was more accurate than Double Exponential 

Smoothing, yielding lower MAPE values (10.5-23.53%), underscoring the need for 

advanced forecasting techniques to enhance operational excellence. As per the cost 

optimization-oriented principles by Mohite & Hankare (2024), setup costs for glass 

bottles ($5,933.44) warranted higher economic order quantity levels (22,112 units). 

Keeping the 95% service level, however, required heavy investments in safety stock 

(e.g., 9,557 units for glass bottles), illustrating the trade-off between preventing 

stockouts and incurring holding costs, as examined by (Grubor et al., 2013). 
 

6. Conclusion 

The current study empirically validates that the synergistic integration of 

demand forecasting and inventory management is a key performance-driving initiative 

in the world's water manufacturing industry, which, in turn, directly affects several 

critical financial and operational metrics. This study shows how optimal cost 

efficiency is achieved by using explicit ARIMA forecasts to calculate size-specific 

Economic Order Quantity (EOQ) and safety stock, thereby optimizing the trade-off 

between prohibitive setup costs and carrying expenses. This integrated process also 

ensures product availability through strategic reorder point setting, which strongly 

boosts service levels and on-time deliveries while increasing operational resilience 

against demand variability. The wide disparity in inventory turnover ratios across 

product categories indicates that this strategic alignment is necessary to maximize 

resource utilization and sales efficiency. Greatly, therefore, this research presents a 

strong case for achieving above-par cost-effectiveness, operational agility, and 

customer satisfaction. However, it will be better for manufacturers to incorporate 

advanced forecasting models into their dynamic inventory policies, thereby improving 

their competitive advantage. Future research should empirically analyze performance 

improvements by incorporating machine learning techniques and broadening the set 

of sustainability indicators within this performance-optimization paradigm. 
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