
 

                                     Faculty of Engineering 

                             Industrial Engineering 
                                                               Degree Work – Second Semester 2020 

 

1 

 

Degree work in application mode 

 

[201020] Design of a digital platform with demand forecasting 

and costing system for the improvement of a retailer's 

performance indicators 
 

       Alejandro Lopéz Ayalaa,c, Mateo Llano Naranjoa,c,                                         

Manuela Moreno Mantillaa,c, Juan Camilo Torres Romeroa,c 

Alexander Cárdenas Ramosb,c 

a Industrial Engineering student  
bProfesor, Industrial Engineering Department 

cPontificial Xaverian University, Bogotá, Colombia 
 
 

Abstract 

To have an accurate demand forecast and to manage resources is crucial for retailers’ strategy. They must make decisions such as the 
amount of product to order from distribution centers and what products they sell to consumers. The management of their businesses and 
their sales are affected by many variables such as weather, seasonality, consumers taste and availability of the products they order, among 
many others. In this project these factors will be considered in a retailer from Crem Helado, the most important ice cream selling company 
in Colombia, in order to build a strategy that will contribute to the administration of the business. The impact of this project is that it can 
be highly applicable and extrapolated to other retailers. The methodology to build this strategy is to establish a model that can predict the 
behavior of the demand, to applicate a costing system to manage resources and drivers and to integrate both models into a digital platform 
that adapts to the retailer’s situation, and facilitates decision making throughout a functional, reliable, and usable software that seeks for 
the improvement of KPIs (Key Performance Indicators).    
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1. Justification and problem statement  

Retailer’s sales are affected by a variety of conditions such as product availability, weather, seasonality, the existence of 

alternative products, discounts, and advertising (Raju, Kang, Moroz, Clement, et al 2015). In fact, this is evidence of the 

challenge of selling in a volatile environment and it also highlights the retailer’s necessity of generating a sales strategy that 

supports operating under unfavorable market conditions. In most cases, these conditions cannot be modified and require 

adaptation. In that regard, the strategy is successful when every part of the supply chain is coordinated because lead time 

delivery is reduced, there is less inventory and there is less reprocessing (Hung, Eldridge, 2019). 

 

Substantial support for the strategy to improve the performance of the supply chain, is its ability to generate demand 

forecasts (Eksoz, Mansouri, Bourlakis, 2014). The authors highlight the importance of information between all parts of the 

supply system because if its delivery isn´t precise, forecasts will be highly affected. Wholesalers deliver the product to the 

final consumer or those who market it. For this purpose, the data they handle is of the highest importance. Syntetos, Babai, 

et al (2010) applied Exponential Smoothing methods and an SKU (Stock Keeping Unit) classification method according to 

their inventory turnover. This substantially improved their business in terms of inventory control, lead time delivery, product 

availability, which resulted in a positive impact on business's profitability. 

 

Considering food industry’s relevance for every economy, a costing tool that provides accurate information is crucial to 

support decision-making and outline strategies that improve the performance of people, resources, and activities of a 

company (Dwivedi, Chakraborty, 2016). The application of an activity-based costing method is a useful tool to manage 

costs. With this method, the values of direct and indirect costs are classified. The ABC method applied by these authors was 
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successful in a food processing company in Bihar, India by achieving effectiveness in cost control. Considering the previous 

evidence, a proper costing management contributes to the sales strategy by managing costs for accurate decision making.   

 

The ice cream market is a significant part of food industry's ecosystem. With the use of the database Passport (2020), 

which provides demographic data, socio-economic studies, and research of various industries, the following table was built 

to illustrate the growth of ice cream sales in Colombia:  

 
Geography Category Data type Units 2014 2015 2016 2017 2018 2019 

Colombia 
Ice cream and frozen 

desserts 
Sales volume 

Billons of 

COP 
1,281 1,347 1,402 1,410 1,448 1,527 

Table 1. Ice cream sales growth in Colombia. Source: Passport. Euromonitor International (2020). The Authors. 

As a result, the ice cream sales in Colombia have increased over the past six years. The sale volumes indicate that there 

is a tangible opportunity to reach a market that is growing. Currently, in Colombia there are about 350 dairy producers in 

the market and in terms of consumption, ice cream has a share of 8.7%. An average Colombian can consume around 1.4 

liters of ice cream annually, which explains the annual growth in this market of 3.1% (La República, 2019). Additionally, 

in an analysis form Sectorial (2019) it is established that the ice cream industry in Colombia is generating 98,000 tons of 

product and $900,000 COP million per capita. The foregoing points out the importance of the ice cream industry for the 

country. The company that has the most relevance in the ice cream market in Colombia is Crem Helado, a brand from Meals 

S.A.S, with a history of more than 70 years. The brand has consolidated the market with a 41.2% share (La República, 

2019). 

According to the Integrated Management Report of Nutresa (2018), in Meals' supply chain, raw materials are collected 

in each of the 30 plants they hold in Colombia. With the collected inputs, ice cream references of the Crem Helado’s brand 

are produced, such as: Chococono, Artesanal, Jumbo, Vaso Hobby Sundae , Heladino, Boom, Chocolisto, Jet, Tosh, 

Sinfonía, Polet, Bocatto, and Aloha, among other references (Crem Helado, 2020). The finished products arrive at each of 

the 85 Meals’ Distribution Centers in the country and they store the ice cream references and supply authorized retailers, 

supermarkets, and small neighborhood stores with product orders. Distributors deliver the products to retailers and they are 

responsible for marketing it to customers. The dynamics of neighborhood stores and supermarkets is the direct sale of ice 

cream references. The following image illustrates the interaction of the links in Meals' supply chain: 

 

Diagram 1. Meals supply chain. Source: Nutresa Integrated Report (2018). The Authors. 

Retailers, neighborhood stores, and supermarkets are crucial sections of Meals' supply chain because they possess the 

main contact with the customer. For this reason, the strategies that are carried out in these channels will directly impact the 

ice cream sales. This can be visualized in the graph built with the information of sales results per business unit from Nutresa 

(2019). The sales of Crem Helado are 8.1% of the company's profit, with a total of 126 billion (COP), which acknowledges 

the significance of this business branch for the company. 
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Graph 1. Nutresa 2019 sales. Source: Nutresa results presentation (2019). The Authors. 

According to Mario Alberto Niño, president of  Meals, although ice creams do not generate the highest percentage of sales 

for Nutresa, they are one of the most profitable business branches (La República, 2019). The following graph was built 

considering the historical sales results of Nutresa until 2019:  

 

Graph 2. Crem Helado’s sales volume. Sourse:  Nutresa. (2019). The Authors. 
 

The preceding graph shows an increase in sales which rose to 126 billion (COP). This corresponds to a percentage increase 

of 11% compared to the last quarter of 2018, which is a notable increase. The graph also registers that sales reached the 

highest peak in the last 5 years. Undoubtedly this supports the statement of Crem Helado’s president: although Crem Helado 

is not Nutresa's largest business, it has a sizable profit margin. In addition to this, it is import for Nutresa to expand its 

market. In their Integrated Management Report, it is established that part of the company's vision is to strengthen their 

distribution channels with technology and innovation in other to reach more costumers (Nutresa 2019).  

 

The importance of sales channels with direct interaction with costumers is evident in the fact that Nutresa is investing 

resources to develop strategies to train their authorized marketers1 in indicators, sales methods, and numerical analysis 

(Nutresa 2019), which are one of   Meals' main sales channels. The project to be developed focuses on the Crem Helado ice 

cream retailer in El Restrepo, a neighborhood in the city of Bogotá, which stores product from the Meals’ Distribution 

Centers in industrial refrigerators, sales the product in its main location and supplies the independent Crem Helad's vendors 

of the area.   

 

In conversations with Crem Helado's retailer there are several factors that are affecting sales, such as communication, 

availability, and management.  Assertive communication between the links of the supply chain is not taking place in an 

adequate way, since the ice cream references requested from the Meals’ distribution centers do not correspond to what 

customers demand. In addition to the above, the costing system is not clearly defined either, because although there is a 

financial model, there are costs and drivers that are not being considered when making strategic and operational decisions. 

 

Acknowledging what was mentioned earlier about the several factors that impact sales, the development of this project is 

relevant because there are difficulties that are affecting Crem Helado’s retailer sales performance. In conversations with the 

retailer, it has been established that sales were affected by internal policies of the company because in many cases the product 

 
1 In this project, the figure of Authorized Marketer that Crem Helado uses is equivalent to the figure of Retailer.  
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is not available because a demand forecasting model has not been implemented. The fact that a costing system has not been 

defined, results in costs and drivers that are not being considered when making strategic and operational decisions. 

   

According to Crem Helado’s retailer factors such as weather, seasonality, and availability of independent vendors are also 

affecting sales. There are moments of the year in which consumption of ice cream is higher and the company should have 

in its strategy elements that support decision-making according to the season. Finally, there is a large dependence on ice 

cream cart vendors to market the product, but there are times when, due to their free will, they do not commercialize ice 

cream in the area. 

 

For these reasons, the proposed project is the design of a method that articulates two main elements: effective management 

of demand planning, keeping in mind the particularities of the Meals’ supply chain for the retail sector, and a costing system 

that provides better administration of resources. The method will be applied in Crem Helado’s retailer and will be supported 

by a platform that allows better strategic and operational decision-making, consequently aiming for an increase in sales. 

 

2. Literature review  

In food industry it is crucial to make an adequate sales forecast because costs must be considered. For example, in the 

case where there is a need to meet the demand at all costs, the retailer tends to “overstock”, and obtains a higher inventory 

cost. The opposite situation can also occur when the retailer is not able to respond to consumer demand, which results in 

missing costs. In this sense, forecasting’s role is important because it seeks to obtain a balance between supply and demand, 

thus leading to better cost management, an effective sales strategy, and a higher consumer satisfaction. Some elements affect 

forecasting management (construction, analysis, and decision making) and therefore it is important to take them into 

account.  

Regarding the elements that affect forecasting, especially in the case of ice cream sales, one of the most relevant is the 

weather, since it has been proven that it affects sales. Stulec, Petljak  et al, (2019) demonstrate that there is an important 

correlation between weather and sales in the soft drinks and ice cream market. The authors prove that in sunny day sales are 

higher and lower on a rainy day. The research results show a positive trend in the summer and a negative trend in the winter 

with a very strong correlation between weather and sales. Nevertheless, this correlation diverges depending on the seasons, 

since there are seasons where it is stronger than others. 

Several forecasting methods have been applied in the food industry. This applies to both retailers and wholesalers. 

Goodness, Balcilar et al, (2015) applied various forecasting methods at a food company in South Africa. They argue that 

the demand for emerging economies present high volatility, which implies that both linear and non-linear models can be 

applied, taking into consideration the effect seasons have. Based on an investigation by Da Veiga, Pereira, et al (2014), this 

high volatility obligates the retailer to respond according to the behavior of the demand. Their research contrasted Simple, 

Double, and Triple Exponential Smoothing methods with ARIMA (Autoregressive Integrated Moving Average) models. 

They applied the techniques on a food company in Curitiba, Brazil. They measured the errors (MAPE) of each model.  In 

their case, Double Exponential Smoothing provided higher accuracy in contrast to ARIMA models, since their data had a 

trend. 

When there are high volumes of food demand data, digital tools such as machine learning are used to gather accurate 

forecasts.  A state-of-the-art investigation of the application of machine learning forecasting techniques was developed to 

forecast fast-moving inventory goods, such as beverages, and ice creams (Tarallo, Akabane, et al, 2019). The investigation 

used a report from Nielsen, one of the most important data analysis companies in the world. The report indicates that 

machine learning is useful for generating accurate forecasts when food demand has a seasonal pattern, in contrast to other 

traditional forecasting models. Due to the degree of precision, speed, and applicability of machine learning methods, the 

results were adequate for wholesalers and retailers in terms of product availability, inventory management, and consumer 

satisfaction. 

Evaluating the significance of generating reliable forecasts with different models and highlighting the use of digital tools 

as a resourceful way to achieve this end, precise management of information must be contemplated, which can be presented 

through a digital platform. Among the available digital solutions to integrate information there are apps and web portals. 

Mekha, Dullayachai, et al (2017) applied these tools to carry out a comprehensive analysis of a food production system. 

They developed a digital platform containing 4 modules: the first for traceability of inputs and raw materials, the second for 

financial management, the third integrating the costs of each batch, and the last for the presentation of results. The 

implementation of the platform implied better cost and inventory management.  

A digital platform requires appropriate information to determine a sales strategy that could benefit the business owner.  

In the case of retailers, inventory control is essential because the stock product generates costs. At the International 

Conference on Engineering and Systems Management, a study was carried out to determine the optimal product order 
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quantity and its relationship with inventory levels (X. Sheng and C. Xin, 2019). The study displayed that inventory levels, 

seasonality, demand, selling price, and stocking cost, among others, were related to inventory levels and had financial 

impact.  A non-linear mathematical model to determine the optimal product order was proposed to increase profits and 

minimize inventory costs. Once the mathematical model was applied in the fresh food field, it was discovered that it is 

beneficial to maintain a product slack to attract customers, increase profit, and anticipate changes in demand. 

Supply chains have costs that are associated with the resource consumption of the different links that are part of the 

operation. The food supply chain is not an exception and costing systems improve control and decision making. In this 

market, it is common to apply an Activity Costing method (ABC). Kabinlapat and Sutthachai (2017) implemented a study 

that regarded controlling and lowering food production costs using an Activity Costing method. They identified that the 

main problems in the application of this system are the collection of data and the identification of activity and cost drivers. 

The outcome of the research evidenced significant differences in comparison to the non-application of the costing system 

since there was an improvement in the control of unit costs.   

The life cycle of products plays a fundamental role when planning production, distribution, and sales. Edwards, Burn, 

Crossin, et al (2018) carried out a study in which the life cycle costs were taken into consideration. In the study, a costing 

method named LCC (Live Cycle Costing) was implemented and it incorporated the impact that food waste had on 

environmental and social indicators. The research helped the government making better decisions regarding public policies 

to avoid wastage costs. 

The sales strategy to be developed in this research must consider the market it will address: the ice cream market. Silva, 

Rodríguez and Marques (2014) developed a study about the perception of consumers towards different ice cream references.  

Consumers' expectations were analyzed considering their socio-demographic characteristics. The study found that older 

people had a greater preference for healthy ice cream. Additionally, the idea that seasonality affects ice cream demand was 

strengthened, since, according to the data, consumers are more likely to buy the product in the summer. 

 An accurate demand estimation and an appropriate management of resources could have a positive impact on the 

performance and profitability of the business. These models will be incorporated in a digital platform that includes an 

arrangement of functions, modules, and graphical interface. These elements will have an impact on the use of the platform.  

The cognitive experience, the satisfaction in terms of functionalities and the confidence that the user has when using the 

digital platform, are factors that directly influence how frequently a user interacts with a digital platform (Molinillo, Navarro, 

García, et al, 2019). Therefore, the platform to be developed must consider these elements that improve the user's experience. 

3. Objectives  

    Design a demand estimation and cost management system based on a case study developed in a Crem Helado retailer 

through a digital platform seeking to improve the performance of sales indicators.   

 

Specific objectives: 

▪ Develop a demand estimation model integrated into a digital platform for a Crem Helado's authorized 

marketer.  

▪ Design a costing system in the platform that allows mitigating the costs and drivers associated with the 

processes that impact the financial management of the authorized marketer, measured with key performance 

indicators (KPIs). 

▪ Implement the digital platform in the authorized marketer. 

▪ Measure the implementation's performance in the case study company. 

4. Methodology  

4.1 Development of the demand estimation model 

To build the demand estimation model, the first step was to collect the data from the retailer. The retailer uses Nutresa’s 

platform to make orders and register sales. The available collected data was framed in a time window from 2015 to this date 

and the authors had to download and organize the information regarding the different ice cream references and consolidated 

in one data-frame. This included quantities, taxes, sold units, invoices, among other details. After gathering the data, a 
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cleansing process was performed to eliminate the information that was not relevant which included invoices, discontinued 

products, repeated values, and other elements that did not add value to the project.   

After performing the cleansing process, the next step was to perform a statistical analysis and preparation of the data. 

Since there is a restriction of time in this project, it is not possible to apply the methodology to all the ice cream references. 

For this reason, in conversations with the retailer, it was stablished that the ice cream references to consider in this project 

would be classified by types or product brands, because according to the retailer, these are the most important references. 

To establish if those ice cream brands were important for the case study company, the historic data of all the ordered 

references by the retailer from 2015 to 2019 was collected and a series of Pareto charts were constructed to organize the 

references in order of importance.     

After determining the references to analyze, it was decided to develop the demand estimation models using Python 

language because its flexibility and usability. Python provides several libraries that allow visualization, organization, and 

analysis of data. The programming language can be applied in several software such as PyCharm, Anaconda Navigator, 

Spyder and Google Colab, among others (Castillo, Llebot, 2020). The sales data used in a monthly frequency since the 

records of the ice cream demand did not have a daily or weekly basis. It is important to consider the Time Series Definition 

from the book Forecasting: Principles and Practice: “Anything that is observed over time is a time series (Hyndman and 

Athanasopoulos, pg, 13, 2018). For this reason, it was decided to consolidate available data and apply a monthly frequency 

for the demand of each ice cream reference.  

Colab, from Google, was chosen as the programming software in which the code of the forecasting models was 

constructed. It includes the many libraries, more than one user can program at the same time, does not require installation, 

works in all operating systems, it is open sourced and there is a vast community of developers and programmers that facilitate 

the experience of programming in the platform. The only requirement is to have a Google account. The programing language 

of Colab is Python. It was decided to upload the demand of the ice cream references in GitHub2 because this would make 

them available every time it was necessary to program in Colab.  

The purpose of using Colab is to determine a quantity of ice cream references to support the decision-making process. In 

order to achieve this goal, the code was built with the following structure: the selection of the necessary Python libraries, 

taking the product brands sales from GitHub, the visualization and analysis of the product brands, the application of the 

forecasting models, the calculation of error measurements, the selection of the forecasting model that had a lower error 

measurement and the automatic placement of the generated forecasts in a Google Sheets file that integrates the costing 

model, which will be explained in the following section.     

The libraries from Python are an important section of the code because they provide the tools that are necessary to make 

it work. Pandas, Numpy, Matplotlib, Prophet, Statmodels, Math and Sklearn where the most relevant libraries in the code.  

Pandas was used to import the ice cream demands from GitHub and to manipulate the data. Matplotlib was used to analyze 

the behavior due to its visualization tools. Numpy generated arrays that were used to build Data frames. Prophet was used 

to build one of the forecasting models. Statmodels was implemented to apply an ARIMA model and to generate forecast 

errors. Math provided the calculation tools and Sklearn offered the possibility of calculating errors (Data Flair, 2020).  

The visualization analysis section is where the behavior of the demand is analyzed with several Python tools that include 

descriptive analysis, density plots, and decomposition of the data. The decomposition was performed with Decompose tool, 

which identifies trend and seasonality, removes both and the result is a residual. If the residual still has trend and seasonality, 

this means that it could not capture all the information from the data and therefore, it cannot be used since there are several 

random values. If the residual has neither trend nor seasonality, this means that all the information was captured, and the 

data can be used for forecasting process. This tool removes trend and seasonality by differencing the past values. To remove 

trend, the difference is obtained by subtracting the value of one period with the next. In the case of differencing to obtain 

seasonality it is necessary to difference by cycles (Brownlee, 2017, p. 107).   

 
2 GitHub: It is an open-sourced repository that programmers and developers use to store their codes, data, and projects. The platform was created by Lunix founder, Matthew McCullough. 

One of its many characteristics is that it stores files online and makes it possible to import them using Python, which results in having the data available all the time and not having to 

upload the data in Python every time the file is opened (Finleey, 2012). 
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To suggest the inventory policies for the retailer and to analyze the behavior of the demand, it must be ensured that 

demand behavior is stationary. The inventory models are continuous inventory policies and assume stationarity. Taking this 

into account, the stationarity of the data was measured with the Augmented Dickey-Fuller test, also known as unit root test. 

This test uses an autoregressive model to capture the information of the values of the data and applies a unit root test that 

determines whether the data is stationary or not with two hypotheses: 𝐻0 (Null Hypothesis)-Suggests that the time series 

data has a unit root, which means that the data is not stationary and  𝐻1 (Alternate Hypothesis)-Rejects the null hypothesis 

and assumes that the time series data is stationary. The test uses a p-value. If the p-value is lower than 0.05, the Null 

hypothesis is rejected, and the data is assumed to be stationary (Brownlee, 2017, p. 140). 

Another important component of the analysis of data of the ice cream brands was the autocorrelation tool that Python 

provides. Autocorrelation means that the future values depend on the past values, which basically means that past values 

can be used to forecast future values. In this regard it was important to determine if the time series data had correlation with 

itself before preforming the forecasts. The tool to determine this correlation was the autocorrelation, which is integrated in 

the code. If the correlation is close to 1 or -1, it means that there is a strong correlation between the values of the data. If the 

correlation is close to zero, it means that correlation levels are low, and it is not possible to predict the future values using 

the past data (Brownlee, 2017, p. 187). 

After preforming the analysis of the data, the following step was the development of the forecasting models in Colab. 

The applied forecasting models were ARIMA3 and Facebook Prophet4. To forecast in Python, it is necessary to establish a 

training and testing data. The training data is the quantity of information that the algorithm needs to predict future values 

and the testing data is the information that the algorithm need to evaluate its performance (contrast predicted values with 

real values and calculate error measures) (Brownlee, 2017, p. 146). Considering this fact, the training data consists of the 

ice cream sales starting on january of 2015 until december of 2019. The testing data consists of the ice cream sales from 

january of 2020 until november of 2020. This training and testing data were proposed because the implementation of the 

digital platform was on december of 2020 and therefore, the forecasts of the analyzed brands were for this month. Regarding 

the ARIMA model, a FOR cycle was used to find the p, d and q values that would minimize the error and with respect to 

the Facebook Prophet model, it automatically generated the forecast, the visualization of the forecasts and their contrast 

with the ice cream demand and identified trend and seasonality.  

The next step after the forecasting with ARIMA and Facebook Prophet in Python was the evaluation of the performance 

of the forecasts to determine which of them would be the most suitable model for each of the ice cream brands. The forecast 

errors5 that were used were MAE, MSE and MAPE. A conditional was built to select and forecast the demand of november 

and december with the method that had the smallest MAPE or MAE value, or the smallest error. After selecting the best 

forecasting model, the predicted demand is exported to a Google Sheets file that contains the costing system.  

 

Parallel to generation of the forecasts in Colab and to ensure that the forecasts from Colab would work for the retailer, 

other forecasting alternatives were evaluated using Excel with a similar method as the one in Colab. The considered models 

were the Moving Average, Weighted Moving Average and Simple, Double and Triple Exponential Smoothing. The 

behavior of the demand was also analyzed by visualization techniques. Excel’s Solver was used to establish the parameters 

of the forecasting models that guaranteed a lower forecast error measurement. In a similar methodology used in the Python 

algorithm, the forecast that had the lowest error (MAPE) was selected as the model to generate the forecasts. These generated 

forecasts were also placed in the costing model file. The authors established that the maximum tolerable variation of MAPE 

was 40% because according to the retailer, a larger variability of the forecast would imply a financial impact. The following 

folder contains the forecasts from Excel: Excel’s forecasts (Annexed # 1).    

 

 
3 ARIMA: The name ARIMA stands for Autoregressive Integrated Moving Average (AR-I-MA). Autoregressive (AR), means that that the past values have a regression with the future 

values, which means that the past values can be used to forecast the future values. The Integrated(I) part is referred to the use of the differencing method to make the data Stationary to 

be used in the model. Moving Average (MA) is referred to forecasting future values using several past values. The number of past values to be used is Moving Average Window. The 

ARIMA model has three parameters: p, d and q. Each of them represents what was mentioned earlier (Brownlee, 2017, p. 208). 
 

4 Facebook Prophet: Is an open-sourced forecasting tool developed by Facebook that Works in either Python or R. This forecasting method incorporates Simple, Double and Triple 

Exponential Smoothing techniques and ARIMA. It automatically detects trend and seasonality and forecasts using a procedure called Additive Regression, which is mainly used for 

hourly, daily or weekly observations with a few months of history. The additive model is a non-parametric model which uses a one-dimensional smoother that builds a restricted class 

of regression models. This model performs a core analysis to address different variants of the case in question. This tool identifies the trend of the curve and automatically detects trend 

changes by selecting the change points of the data using Fourier series for annual data. Finally, a MAPE optimization is generated for parameters with extremes in less than one second. 

It is fully automatic and provides visualization techniques to measure the accuracy of the forecasts and automatically calculates performance measurements. It is a very strong and precise 

forecasting method. (Taylor and Letham, 2017) 

 

5 Error Measures: They are an indicator of how accurate or precise the forecasts are in contrast to the real values. There are different types of Error Measures that include MAPE, MAE, 

RMSE and MSE (Vendeput, 2019).  

 

https://drive.google.com/drive/folders/1OxqMPLp2Q00IvcpAnS2Wn_cZVyN_E97z?usp=sharing
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It is relevant to make the distinctions of the forecast methods in Colab with respect to the methods in Excel. In order to 

forecast in Colab, which uses Python language, it is necessary to establish the training and testing data that was mentioned 

previously. This training data is the input the models need to forecast. The generated forecasts are evaluated in the time 

window framed by the testing data that includes the error measures that evaluate the performance of the forecasts. The 

methodology used in Excel was different. There was a definition of the parameters of the forecasting models and Excel’s 

Solver optimized these parameters in order to generate the forecasts that minimize the error. In this regard, the methods are 

not comparable and therefore their error measures are not either. The selection of the forecasts would depend on the retailer’s 

experience and the MAPE of 40% could provide additional criteria to make that selection.     

 

4.2. Design of the costing system and definition of KPIs  

 

The second objective is the design of the costing system that allows the mitigation of the costs associated with the financial 

management of the retailer. For the development of this objective, one important step was the gathering of the information 

regarding fixed and variable costs of the retailer. The fixed costs include rent, public services bills, taxes, loans, and salaries. 

The variable costs in this case are the costs of the ice cream references that are purchased by the retailer in Nutresa’s 

platform. The designed costing system is integrated with an inventory model.  

The software used for the costing system was Google Sheets since Google Colab can export data to Google Sheets because 

one of the inputs of the costing system are the forecasts that are exported from Google Colab. The link between the forecasts 

and the costing system is that in order to evaluate the impact of placing an order taking the forecasts into account, it is 

important to evaluate its impact in inventory and costs. Regarding inventory management, two inventory policies were 

proposed to the retailer for each of the product brands: Ss and QR6. For each of the product brands, it was evaluated which 

of the inventory policies had lower costs.  

The first step of the model was to consider the Pareto charts and the brands that were chosen by the retailer because they 

represented about 80% of each years’ sales. The definition of the annual demand was denoted with lambda (). It was found 

by organizing the unit demand of each ice cream reference per year by applying a smoothing factor of 5% to 2015, 8% to 

2016, 12% to 2017, 15% to 2018, 20% to 2019, and 40% to 2020. It was organized in that way because market tendencies 

and references change over the years and the most recent sales data has a priority over the whole data. By applying the 

factor for each years' demand and adding these results, the annual demand () was obtained for each ice cream reference. 

Following the definition of the lambda, the next step was the definition of the ordering cost (𝑘), the unit cost (𝑐), and the 

holding cost (ℎ) of each ice cream brand. The ordering cost (𝑘) was calculated considering the average time utilized when 

placing an order, which is about 20 min. The unit cost (𝑐) was obtained from Meals' digital platform, which retailers use to 

place orders.  The holding cost was calculated with information given by the retailer and according to an annual interest rate 

(𝐼 %) of 13% each year.  

These variables were used to calculate a theorical order quantity (𝑄) that ensured a minimum cost. For its calculation, the 

average weekly orders placed by the retailer and the time that it takes Meals to place supply the retailer with product or 

cycle time (𝑇) were considered. The cycle time (𝑇) has an average of 12 hours. Additionally, to comply with the retailer’s 

capacity restrictions the inventory capacity was considered and was estimated by measuring the volume of each ice cream 

refrigerator.  One of the challenges was that ice creams are delivered in boxes and there were 14 different sizes of boxes 

which vary depending on the product the retailer orders.  For this reason, with the use of the historic placed orders on Meals’ 

platform since 2015, there was an estimation of an average box size. In order to calculate it, there was approximation of the 

frequency and volume of each box and these values were weighed, resulting in the standard box, which ensured that the 

suggested order from the forecasting models would never exceed the inventory capacity. 

Afterward, this standard box size was employed to estimate the maximum storage capacity of the refrigerators. In this 

case, acknowledging that there are 14 sizes of boxes, a maximum of 80% of capacity was assigned to each refrigerator. The 

information of the placed orders in the implementation of the project was the necessary input to ensure that this capacity 

would never be exceeded.  Identifying the number of boxes that could be stored by reference and brand and the information 

from Meals digital platform, the limit of possible units per box was calculated.   

 
5. QR and Ss Inventory Policies: Both inventory policies assume that the demand has a stationary behavior. With respect to the QR policy, the R is the amount of product that indicates 

that it is necessary to place an order and the Q is the quantity of product to order. In the Ss policy, the “S” references the necessary inventory level to reach and the “s” indicates the 

amount of that requires a new order. (Nahmias, S.,2007). 
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The following step was the theorical modeling of the Ss and QR policies proposed for each ice cream brand to generate 

the daily suggested orders for the retailer. The information to build those inventory policies were the monthly placed orders 

from 2018 to 2019. The calculated theorical order quantity (𝑄) was applied to the model and if this quantity exceeded the 

inventory capacity, a maximum 𝑄 was contemplated. The models also required minimum of units that would indicate the 

necessity to place an order (𝑅 for the QR model and 𝑠 for the Ss model). This information was given by the retailer for each 

ice cream brand. The lead-time employed for this model is the average of 12 hours that Meals takes to supply the retailer 

with product. After this process, the policies were evaluated in terms of costs for each reference in an inventory model. This 

model contained the result of applying the QR and Ss models and the forecast from Python. The model also contained the 

daily sales, the daily placed orders, and the daily inventory levels. The previous would be collected from a digital platform 

and its development will be explained later.  

The theorical modeling of the continuous inventory policies (QR and Ss) was developed considering portions of the data 

that had stationary behavior, respecting the assumptions of the policies. The goal of applying these policies was to calculate 

a theorical alert of when it was necessary to place an order during the month. The policy (QR or Ss) that would determine 

the placement of orders chosen depending on its cost. These theorical distribution of each brand was placed in the designed 

inventory model that was proposed for the retailer.  

After determining the theorical distribution of the suggested orders, the monthly forecasts generated form Google Colab 

were uniformly distributed in a daily frequency (for december of 2020). The previous procedure was proposed considering 

that the sales records that were necessary to generate the forecasts of each brand did not have a daily frequency (these data 

had a discontinuous frequency during the month) and therefore it was necessary to consolidate the sales data in a monthly 

frequency in order to apply Time Series Forecasting. The sales data are not recorded daily because Meals demands retailers 

to register sales at least three times a week. In other words, there is an assumption that the monthly forecasts would distribute 

uniformly for each day of the month because the sales records did not have a daily frequency.  

To give an example of how the monthly forecast were distributed in a daily frequency, if a month has 31 days and the 

forecast is 3100 units for one brand, the daily forecast of every day of the month would be 100 units and this value would 

be calibrated depending on the orders placed by the retailer (The QR and Ss would suggest when it is necessary to place 

them). In this regard, the suggested order of the first day would be 100 units. If the retailer ordered 500 units on the third 

day, the next suggested order would be 92 units because that monthly forecast of 3100 units would be reduced to 2600 units. 

Those 2600 units would be distributed again during the remaining days of the month (28 remaining days). This monthly 

forecast would be consumed by the number of units placed by the retailer and in this sense, it will be adjusted to the 

remaining Net Requirement of each month as well as the remaining days of each month. The idea is that the retailer places 

the monthly forecast that is estimated from Google Colab. The model is flexible because it is adjusted with the orders placed 

by the retailer. 

In order to evaluate the importance of the forecasts, the maximum MAPE of 40% discussed with the retailer, was taken 

as reference to measure how the forecasts would perform if the real sales had a 40% increase or a 40% decrease. If sales 

increased by this percentage, this would mean that the forecasts are underestimating the monthly demand and the contrary 

situation would mean that the forecasts are overestimating the monthly demand. The previous scenarios would represent a 

financial impact for the retailer that was measured in inventory costs (h), missing costs (p), income, and revenue.   

This inventory model registers the retailer's placed orders and daily sales and automatically readjusted the daily suggested 

orders. The suggested orders also considered the restriction of the inventory capacity and the inventory levels. To obtain 

those levels, the authors counted all inventories of the analyzed products in the location of the case study. These values 

constituted the initial inventory levels placed in the inventory model. The inventories of each product were obtained by 

subtracting the daily sales and the daily orders placed by the retailer. This meant that it was not necessary to come back to 

the case study. The estimated suggested orders guaranteed that the inventory capacity would never be exceeded and that the 

demand could be supplied. 

The suggested orders were initially presented to the retailer in a maximum and a minimum value. The minimum value 

was the number of units that would not exceed the inventory capacity restriction. The maximum value was the suggested 

order that the inventory model delivered and constituted the quantity that was necessary to meet the demand. If the suggested 

order was bigger than the inventory capacity, the suggested order was the necessary units that were needed to cover the 

inventory capacity and, in this case, the suggested order was only one value, rather than a range.  
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Contributing to the financial analysis of the forecasts that were proposed to the retailer, there was an evaluation that 

consisted of generating situations in which each brand had a different variation, rather than applying a 40% variation to each 

brand. The analysis was performed taking three scenarios into account: the first scenario was based on the real orders that 

were placed by the retailer considering the suggestions (the range) provided by the inventory model as well as the retailer´s 

criteria, the second scenario was the theorical situation in which the retailer ordered the exact quantities of the suggested 

orders7, and the third scenario was a theorical situation in which the retailer orders the exact quantities of the suggested 

orders considering a security stock.  

The security stock (SS) was implemented to respond to the variability of the demand and was calculated with the 

maximum delivery time (MDT), the normal delivery time (NDT), and the average demand (AV) of each of the evaluated 

brands. What was stated previously resulted in the following equation: 𝑆𝑆 = (𝑀𝐷𝑇 − 𝑁𝐷𝑇) × 𝐴𝐷 (EAE Business School, 

2020). The normal and maximum delivery times Meals takes to supply the product to the case study company were provided 

by the retailer.  

The analysis of the impact of the three scenarios that were previously described in terms of variability of the demand 

were made considering the Variation Coefficient proposed by Hamndy Taha, which is constructed placing the standard 

deviation of the demand on the numerator and the average demand on the numerator (Taha, 2012). This coefficient allows 

the calculation of the dispersion of the data around the mean under the assumption that this dispersion is the variability of 

the demand. The coefficient was applied to the demand of each brand to obtain their variation.  

The Variation Coefficient and the real data of the demand of december of 2020 for each brand were used to calculate an 

upper and a lower bound to the demand of each brand. The upper bound was the theorical situation in which the demand 

increased by the Taha’s coefficient and the lower bound was the opposite situation. The analysis was performed in a 

simulation of how the inventory model would respond to these variations financially, and in this regard, it was necessary to 

estimate the costs of the system.  

Activity Based Costing was chosen as the method due to its applicability to identify costs and drivers in an accurate way. 

After gathering the information regarding the costs, the retailer evidenced the principal activities that impacted the 

performance on business. The activities included placing orders, storing the product in refrigerators, and selling ice cream 

to the public, which can be in the business itself, and through ice cream vendors that supply the product around the area. 

The identified cost drivers were the number of ice cream references to purchase from Meals and the number of connected 

refrigerators. The number of connected refrigerators impacts the electric bill of the retailer and if there are too many unsold 

references, it is necessary to connect more refrigerators. This results in a higher electric service bill. Each cost driver was 

divided by its cost to identify its rate, which establishes its importance.  

The costing model gathered the previously described inputs from the inventory model and added a missing cost (𝑝), which 

was calculated as the opportunity cost by subtracting sales price minus the unit price. The missing cost is a sale that was not 

preformed. This costing model required the daily sales, daily shortages, daily orders, and daily inventory. The daily income, 

the holding costs (ℎ), the ordering cost (𝑘), and the unit cost (𝑐) were placed in the costing model so that the retailer could 

use this information to make decisions.    

The KPIs that would evaluate the business performance with the use of the digital platform were formulated in the Costing 

System file. To create business intelligence dashboards with the calculated indicators, there are several software platforms 

that can be found in the market, including Power BI, from Microsoft. In the case of this case, Tableau was the platform used 

to graph the KPIs since it easily integrates with Google Sheets data. Among the several alternatives that Tableau has to 

offer, there is Tableau Public, an open-sourced software. Using this tool, it was possible to take the indicators from Google 

Sheets and create graphs and dashboards. The suggested order for each product family, which was part of the inventory 

model in the costing system was also assembled into a dashboard in Tableau Public.  After generating those dashboards, 

they were saved and sent to an online repository from Tableau Public. Those dashboards were exported to the digital 

platform using the HTML language of the dashboard, which is enabled by Tableau to export dashboards to other websites.   

The developed digital platform contained a series of modules that are associated with the placement of orders with the 

support of the inventory and forecasting models, a section to register sales, and indicators that reflect inventory levels, cost 

 
7 In the second scenario and the third one, rather than a range, the suggested order was one single value.  
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of missing products, product orders, income, and indicators that are associated with the performance of the forecasting 

models.  

For the development of the digital platform, it was necessary to create an account on Colombia Hosting, a service that 

provides domain and hosting for the development of digital platforms. This platform provides data bases, hosting, corporate 

emails, design tools, 10 GB to store website information, and a domain. After acquiring the services of this platform, the 

logo of the digital solution was developed. As it was mentioned before, Colombia Hosting provides web design tools, and 

for this case, Constructor Plus was the software where the modules of the platform were designed. Taking elements of UX 

and UI into account, the modules of the platform were designed, and this included selecting the appropriate color pallet and 

the distribution that made the experience of using the platform comfortable and usable for the retailer.   

The digital platform is divided in four sections that can be accessed and visualized in a menu: Home, Sales Registration, 

Suggested Orders, and the Business Indicators section. The sales data that was recorded in the Sales Registration module 

was the input for the costing and inventory models that were developed in Google Sheets. This module allowed the retailer 

to register sales and missing products. The Suggested Orders module took the information provided by the inventory policy 

and the forecasting model. This section is linked with Nutresa’s digital platform where retailers place orders. The last section 

is where the retailer can visualize the business indicators. They were designed using Tableau and their development will be 

explained in the following section.  

The design also contemplated using the official pictures of Crem Helado’s ice cream references to build a collage that 

would make the platform attractive. This ice cream references are sold in the case study company. Since these images are 

the company´s property, it is important to clarify that they were properly referenced on the website. The restriction of the 

retailer, not being able to access a computer in the location of the case study company was also contemplated and therefore, 

the platform was designed smartphone and desktop friendly.  

There are several interactions between the different tools that were used for the development of this project. The following 

sequence (Diagram 2) display the main interactions: (1) The sales information downloaded from Nutresa’s was saved as a 

CSV and uploaded to GitHub. (2) The forecasting model in Colab uses the ice cream sales from GitHub and generates the 

forecasts. The forecasting model in Excel directly takes the ice cream sales. The forecasts of both models are placed in the 

costing model. (3) The costing model in Google Sheets allocates the inventory policies and the KPIs. The KPIs are sent to 

Tableau Public. (4) Tableau public takes the Google Sheets file and generates the business intelligence dashboards that are 

used for the KPIs and the suggested product order. (5) The digital platform receives the dashboards and projects the 

information to the retailer. It also allows the retailer to register sales and missing products. The sales information of the 

sales and missing products is sent to the forecasting model and the cycle starts again.  

 

 

 

  

 

Diagram 2. Information cycle of the project (2020). The Authors. 

4.3. Implementation of the digital platform  

For the implementation of the platform, the retailer agreed to place orders using the platform during december of 2020. 

This process included the introduction of the digital platform, the placing orders considering the suggested quantity of each 

brand. The retailer was illustrated on how to use the modules of the digital platform: home page, sales, and missing products 

registration, suggested product, and indicators modules. The information about the suggested orders of each brand was used 

to place orders on Meals' platform. Sessions of four days a week were carried out with the retailer, to evaluate the perception 

and user experience of working with the digital platform. The retailer was instructed to place the daily sales and missing 

2.b. Microsoft Excel: 

Forecasting models 2 

1. Sales data  3. Google Sheets: 

Costing model models 

2.a. Google Colab: 

Forecasting models 1  

5. Digital platform:  
4. Tableau: Business 

indicators 
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products. The information from the placed orders was downloaded from Meals' platform. This information was an input for 

the costing and inventory models which were adjusted taking this information into account. 

It was necessary to evaluate the retailer’s experience with the digital platform. Elements such as usability, functionality, 

and the perception the retailer had about the platform were evaluated through a semi-structured interview. It included the 

visualization of information in the modules, the availability of relevant information for decision making as well as the 

benefits for the retailer during the implementation period. The insights of this interview would result in possible adjustments 

as well as a final survey that would be released in the final stage of the project. The following activity was to support the 

retailer in the use of the platform.  

This survey had different types of questions such as simple and multiple choice, and Likert scales. These scales were used 

to identify the level of agreement of the retailer’s perception of the digital platform in the format of asking from 1 to 5, 

being 1 the lowest value and 5 the highest. The questions included accessibility, the information presented in the modules, 

the perception of the retailer concerning functionality and the main benefits to the business’s needs. In terms of the positive 

impact of implementing the digital platform, the retailer was asked of the possibility of recommending it to future retailers.  

Regarding user experience, the questions provided quantitative results of the platform's accessibility, usability, and 

effectiveness for the retailer. The survey consisted of 9 questions and contemplated the insights of the previous interview. 

In this regard, this constitutes a 360º evaluation.   

 

Each question was assigned a percentage related to the characteristics of ISO 9126 so that each one can be weighted, 

determining the strengths of the application and the improvements to be made. Each question had a score that ranged from 

1 to 5. This score was multiplied with the values found in table 1. The assignment of the weighting of the questions was 

made with respect to the relationship of each characteristic with what was posed in the question, so that the greater the 

relationship between the characteristic and the question, the greater the percentage value.  The conducted survey can be 

consulted in the following link:  Evaluation of the digital platform (Annexed # 2). To obtain the results, the value that was 

obtained in the survey was multiplied by its percentage for each of the characteristics and afterward the total values were 

added.   

 

Questions 

Functionality  Relatability  Usability  Efficiency  Maintainability  Portability  

Do the functions and 

properties satisfy the 

explicit and implicit 

needs? 

 

Can it maintain the 

level of performance, 

under certain conditions 

and for a certain time? 

 

Is the software easy 

to use and easy to 

learn? 

Is it fast and 

minimalist in terms 

of resource usage? 

 

Is it easy to 

modify and 

verify? 

Is it easy to transfer 

from one environment 

to another? 

Question 1 5%  5%  15%  25%  20%  20%  

Question 2 15%  5%  20%  5%  4%  12%  

Question 3 6%  20%  10%  7%  5%  15%  

Question 4 18%  12%  12%  8%  20%  19%  

Question 5 8%  10%  12%  6%  8%  5%  

Question 6 15%  5%  16%  20%  9%  11%  

Question 7 11%  5%  5%  5%  15%  5%  

Question 8 10%  13%  5%  9%  4%  5%  

Question 9 12%  25%  5%  15%  15%  8%  

Table 1.  Question weighting table. Source: Abud, M.A, (2012). The Authors. 

 

 4.4. Measurement of the implementation in the case study company 

 

Regarding the measurement of the digital platform in the case study company, the initial step was the collection of all the 

required information to calculate the KPIs. The idea was to measure their values before (november 2020) and after 

(december 2020) the implementation of the digital platform. The results of the KPIs would evaluate how the retailer was 

impacted after using the digital platform. To implement the platform there was a recollection of daily sales, placed orders 

and initial values of inventory levels. That information was recorded in second week of november of 2020. This information 

was directly recorded from the retailer and by the last week of november of 2020, it was recorded with the respective 

modules in the digital platform.  

The main reason for establishing the comparison of the implementation of KPIs for november of 2020 with respect to 

december of 2020, rather than comparing december of 2020 with respect to december of 2019, was the drastic social and 

economic transformation that the country suffered due to the sanitary situation of COVID-19. In addition to this, there was 

an atypical situation that was characterized by mobility restrictions that, according to the retailer, had a negative impact on 

the company.  

https://forms.office.com/Pages/ResponsePage.aspx?id=Dpn32j-KnECbdipUdQmAAIB-k_u_sIhMp2h5hthkc85UQVlWMjNTWTJJRllJRTBDSjFXSDA4MDZGWS4u
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According to DANE, there was a 1.61% increase in the Consumer Price Index (CPI) and despite this increase in the cost 

of living, there was a 9.5% drop in GDP for the third quarter of 2020 in comparison to the third quarter of 2019 (DANE, 

2021). This had a high impact on the average income of Colombian citizens. In addition to this, there was a 3.9% increase 

on unemployment levels by comparing december of 2020 to december of 2019 (DANE, 2020). Taking these factors into 

account, it can be assumed that in general terms, the purchasing power of Colombian citizens was negatively affected which 

can be reflected in the negative financial impact the case study company suffered. 

For the previous reasons, it was decided to compare the month of december of 2020 with november of 2020. The 

comparisons were made in this manner because the conditions were similar in the periods where the analysis was performed. 

The results of the Augmented Dickey-Fuller test also demonstrate that even though there are brands that have clear trends 

and seasonality, there are some brands that present stationary behavior, which makes this an appropriate comparison. 

The KPIs were discussed with the retailer and there was a definition of the most relevant and useful to measure the 

implementation. They were classified in Financial Indicators, Inventory Indicators, and Forecasting Indicators because the 

main impact of the digital platform would be in those areas. The following tables were built considering the characteristics 

of the indicators:  Name8, Objective9, Formula10, Period11, and the Responsible12:   

Name Goal   Formula  Period Responsible 

Sales Revenue (SR) 

It is a simple, but necessary indicator for the retailer. It evaluates 

the sales of each ice cream reference by multiplying the amount of 

sold units by the price.  

 

𝑆𝑅 = # 𝑜𝑓 𝑢𝑛𝑖𝑡𝑠 × 𝑆𝑎𝑙𝑒𝑠 𝑝𝑟𝑖𝑐𝑒 

Daily, 

Weekly, 

and 

Monthly 

 

The retailer  

Sales Cost (SC) 

To sell references, the case study company must purchase them 

from Meals. This indicator represents the cost of selling an ice 

cream reference for the case study company.   

 

 

𝑆𝐶 = # 𝑜𝑓 𝑢𝑛𝑖𝑡𝑠 × 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑝𝑟𝑖𝑐𝑒 

Daily, 

Weekly, 

and 

Monthly 

 

The retailer 

Profit (P) 

This indicator establishes how the case study company is 

generating profit after selling each of the ice cream references, 

considering the costs.     

 

 

𝑃 = 𝑆𝑅 − 𝑆𝐶 

Daily, 

Weekly, 

and 

Monthly 

 

The retailer 

Gross Margin (GM) 

 

This indicator measures the proportion of money that is left after 

selling products. It is important because it calculates how the 

company can grow performing its business activity.  

 

𝐺𝑀 =
𝑆𝑅

𝑆𝐶
 

Weekly, 

and 

Monthly 

 

 

The retailer 

 

Sales growth (SG) 

 

This indicator represents how the sales are growing from one time 

period compared to a previous time period.  

 

𝑆𝑅 =
𝑆𝑅𝑡 − 𝑆𝑅𝑡−1 

𝑆𝑅𝑡−1

× 100 

 

Monthly 

 

The retailer 

Return of 

investment 

(ROI) 

This calculates the number of times the retailer is generating 

revenue after incurring in the cost of purchasing ice cream units. 

The indicator was calculated for each of the product brands and as 

an overall of all the product brands.  

 

𝑅𝑂𝐼 =
𝑆𝑅 − 𝑆𝐶 

𝑆𝐶
 

 

 

Monthly 

 

 

The retailer 

Table 2. Financial KPIs. Source: Scoro (2020). The Authors. 

In terms of inventory indicators, the following table are the KPIs that the US Postal Service (USPS) has suggested KPI’s 

that can improve the inventory management process. As well as with the financial indicators, they were discussed with the 

retailer, and the most relevant ones for the business were selected. The following table was constructed based on USPS 

suggested inventory KPI’s that were introduced to the case study company: 

Name Goal   Formula  Period Responsible 

Average inventory 

(AI) 

It is an estimation of the inventory that is on hand on a given time 

period. To keep this indicator under control, the company should 

avoid having big spikes or drops in inventory.   

 

𝐴𝐼 =
𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑡1 + 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑡2

𝑝𝑒𝑟𝑖𝑜𝑑
 Monthly The retailer 

Inventory Rotation 

(IR) 

It is defined as the number of times the inventory has been sold and 

replaced in a known time period. If the value is small, the company 

is either having low sales or a big stock.   

 

𝐼𝑇 =
𝑆𝑎𝑙𝑒𝑠 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦
 Monthly The retailer 

Product orders 

(PO) 

This indicator calculates the number of placed orders of a product in 

a period. It is necessary to keep track of those orders to evaluate how 

the retailer is following the proposed inventory policy.   

 

𝑃𝑂 = # 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑜𝑟𝑑𝑒𝑟𝑠 
Daily, 

Weekly, 

and 

Monthly 

The retailer 

Brand importance 

(BI) 

It calculates the importance each brand has in terms of sales and it 

was proposed to prioritize the brands that represent a higher revenue 

for the retailer.     

𝐵𝐼 =
𝑅𝑒𝑣𝑒𝑛𝑢𝑒 

𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑙𝑒𝑠 𝑟𝑒𝑣𝑒𝑛𝑢𝑒
 

Monthly The retailer 

Table 3. Inventory KPIs. Source: USPS Delivers (2020). The Authors 

 
8. Name: It is the name of the KPI as well as its abbreviation.  

9. Objective: It is the description of what the indicator measures and why.   

10. Formula: It is the mathematical expression of how the indicator is calculated.  

11. Period: It is the time period the indicator measures, which can be daily, weekly, or monthly, in this case.  

12. Responsible: It is the person that is responsible of the management and control of the indicator.  
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The next KPIs are the forecasting indicators. The indicators were proposed with an absolute value because it was not in the 

project’s interest to penalize a forecast that underestimated or overestimated sales. The purpose was to penalize forecast that 

did not estimate sales or orders in a correct manner. They measure the level in which the retailer used the forecast to place 

orders as well as how the forecast managed to approach the december’s sales. The following table contains the proposed 

forecasting KPIs:   

Table 4. Forecasting KPIs (2020). The Authors. 

5. Results  

5.1 Development of the demand estimation model 

 

The selected ice cream brands to focus the implementation of the project were Artesanal, Chococono, Barra Aloha, 

Casero, Paleta Aloha, Paleta Chocolisto, Vaso Chocolisto, Vaso Heladino, Vaso Hobby Vaso Hobby Sundae , Polet, and 

Bocatto. The following Pareto Charts of 2018 and 2019 indicate that those ice cream brands are relevant because they are 

always in the top 10 most purchased ice cream references, although it is worth mentioning that their position in the chart 

vary from one year to the next, which can be explained by the fact that Meals changes brands and strategies according to 

the market’s tendencies an this results in supplying different volumes of product according to this and cancelling certain 

products. The charts also reveal that Chococono is always the most purchased reference by the retailer. The Pareto Charts 

of the years 2015 to 2019 can be found in the following link: Pareto Charts (Annexed # 3). 

   

 
Diagram 3 and 4. Information cycle of the project (2020). The Authors. 

 

The construction of the estimation model was described before, and the following link contains the development of the 

code in Google Colab: Estimation model (Annexed # 4). The result of this estimation model are the forecasts of each ice 

cream brand for december of 2020, which are sent to the costing model in Google Sheets file. Google Colab provides several 

tools to analyze data, which were used in this section. The following sequence demonstrates logical structure and the 

elements of the demand estimation model: 

 

 

 

 

 

 

 
 

 

 

 

 
Diagram 6. Structure of fore forecasting model (2020). The Authors. 

 

Name Goal   Formula  Period Responsible 

Forecast and Sales 

Gap (FSG) 

This KPI measures the level in which the forecast that came from 

the estimation model managed to predict sales. If the level is 

high, it means that the forecast is either overestimating or 

underestimating sales.     

 

𝐹𝑆𝐺 =
|𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 − 𝑆𝑎𝑙𝑒𝑠|

𝑆𝑎𝑙𝑒𝑠
 Monthly The retailer 

Forecast and Orders 

Gap (FOG) 

This KPI measures how the retailer used the forecasts presented 

in the digital platform as information to place orders of each of 

the ice cream brands. If the level is high, it means that the retailer 

did not use the forecast as a reference to place orders.    

 

𝐹𝑂𝐺 =
|𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 − 𝑂𝑟𝑑𝑒𝑟𝑠|

𝑂𝑟𝑑𝑒𝑟𝑠
 Monthly The retailer 

Python libraries  Import sales data 

from GitHub. 
Analysis of the 

behavior of the 

demand 

Demand 

estimation with 

ARIMA model 
Demand estimation 

with Facbeook 

Prophet model 

Forecast errors 

calculation of 

models.  

Selection of the 

model to forecast 

the demand.  

Send the 

forecast to the 

costing system.  

Selection of the 

ice cream brand 
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Has the lowest 

error been chosen? 

Yes 

No 

https://drive.google.com/file/d/1Sxm46tRX5Fe0mWptNCxOTrvagfXpkHwD/view?usp=sharing
https://colab.research.google.com/drive/1J54wGH0yG0jW0zLCKjFk6ZXEn4ZvUV3m?usp=sharing
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The results of the analysis of the sales data include the analysis of the demand, the application of the Augmented Dickey-

Fuller test, Seasonal Decomposition, Autocorrelation Plots, Histograms, Density Plots, Statistical data, a Facebook Prophet 

analysis of trend and seasonality. These results can be observed in the following link: Sales analysis results (Annexed # 5) 

An initial step to analyze the behavior and quality of the time-series data of the ice cream sales was the use of Python's 

Seasonal decomposition tool for each of the selected ice cream brands. The decomposition of the demand by trend and 

seasonality enables the possibility of determining which references tend to decline or increase in sales, and their monthly 

behavior. The seasonal decomposition tool captured the trend and seasonality of the ice cream brands. The residual of the 

of the sales data has a random behavior and this is a sign that it is reliable to work with that data. The following graphs are 

the result of the seasonal decomposition of Artesanal, Casero, and Paleta Aloha brands. This illustrates how the analysis 

was performed for all sales data.  

 
Seasonal decomposition 

 
  

 
Graphs 3, 4 and 5. Seasonal decomposition of Artesanal, Casero and Paleta Aloha (Respectively). Source: Statsmodels. Python. (2020). The Authors. 

 

The graphs show that the tool helped to determine the behavior of the sales data successfully. In the case of these three 

product brands, there is a seasonal behavior, and the tool was able to capture the trend and seasonality adequately because 

the residual data has random behavior. In the case of Paleta Aloha, the result of the residual is very similar to the data. The 

observed data show a decrease in sales from Paleta Aloha, while Artesanal is showing an increase in sales. Casero presents 

a stationary behavior with a tendency to decline in sales.   

 

After performing the Augmented Dickey fuller test, the Null Hypothesis of the brands not being stationary can be rejected 

in the case of Polet, Chococono, Casero Barra Aloha, and Vaso Chocolisto because the p-value is less than 0,05 in the case 

of these brands, which means that they have a stationary behavior and therefore the forecasting models would capture their 

trend and seasonality. The other references do not have a stationary behavior because the p-value is more than 0,05 and as 

it can be observed in the Seasonal Decomposition of ice cream Brands like Artesanal, there is a clear trend, which is a clear 

signal of a non-stationary behavior.  
Augmented Dickey-Fuller test Results  

Ice cream brands  P-value Demand Behavior 

Bocatto 0,06 Non-Stationary 

Polet 0 Sationary 

Artesanal 0,054 Non-Stationary 

Chococono  0 Sationary 

Casero 0,003 Sationary 

Barra Aloha 0 Sationary 

Paleta Aloha 0,335 Non-Sationary 

Paleta Chocolisto 0,807 Non-Stationary 

Vaso Chocolisto 0,011 Sationary 

Vaso Hobby Sundae  0,614 Non-Stationary 

Vaso Heladino 0,061 Non-Stationary 

Table 5.  Augmented Dickey-Fuller test Results. (2020). The Authors. 

 

As it was mentioned earlier, in autocorrelation plots, a value that is close to 1 or -1 indicates that there is a strong 

autocorrelation between the values. The brands that presented a higher correlation coefficients were Paleta Chocolisto, 

Paleta Aloha and Bocatto with values of  0.65, 0.7, and 0.6 respectively (Sales analysis figure 4). This rest of the ice cream 

brands present lower autocorrelation, ranging between 0.25 and -0.25 which is also an indication that there is a low 

dependency between past and future values that can be explained by the effects of trend and seasonality.  

 

 

 

 

 

 

 

https://drive.google.com/file/d/1tSnrDO8mPgg-4GqiKFFETMDiRevsV-qy/view?usp=sharing
https://drive.google.com/file/d/1x5PkQr5kSk0RcCiD0EqsUg9BaMr_PLmK/view?usp=sharing


16 

 

Autocorrelation plots 

 
  

Graphs 6, 7 and 8. Autocorrelation plots of Bocatto, Paleta Chocolisto and Paleta Aloha (Respectivly). Source: Statsmodels. Python (2020). The Authors. 

 

Paleta Chocolisto, Paleta Aloha and Bocatto have higher values because they presented an initial stationary behavior 

therefore resulting in that there is a dependency between past values and future values. This is not the case for references 

like Casero and Heladino, which in this case present a low correlation (less than 0.25) which shows that the dependency 

between past values and future values is low.  

 

The graphical information of the sales analysis can be consulted on the following link, wich contains histograms, density 

plots and the descriptive information: Sales analysis figures 5, 6 and 7. The values of each percentile can provide information 

of the distribution of sales during the period in which they were analyzed. The ice cream brand that presents the largest sales 

volume is Chococono with a mean of 2695 and the highest maximum value (7642), followed by Paleta Aloha, Vaso 

Chocolisto and Artesanal. The high standard deviation of brands like Paleta Chocolisto can be explained by the fact that 

according to the retailer, that product went to market in 2016, its sales have tendency to increase and has a Non-Stationary 

behavior.  

 

As it was mentioned before, the code in Colab selects the model that has the lowest forecast error measurement and 

predicts the demand for december with that method. MAPE was the chosen performance error measure because it shows 

the size of the error in percentage and therefore delivers sufficient information to make decisions. The following table 

summarizes the error measures form Colab, the results of MAPE and, the selected forecasting method:  

 
Selected forecasting model and error measures   

Ice cream brand Selected Method Colab’s MAPE 
Excel's 

forecast 
Colab's Forecast 

Total sales 

december 2019 

Bocatto Facebook Prophet 0,29 1024 555 587 

Polet Facebook Prophet 0,30 334 209 535 

Artesanal Facebook Prophet 0,26 2493 3454 3514 

Chococono  Facebook Prophet 0,25 1243 4979 4147 

Casero Facebook Prophet 0,19 2518 2338 2670 

Barra Aloha Facebook Prophet 0,39 239 970 1901 

Paleta Aloha Holt Winters 0,41 3065 3399 2954 

Paleta Chocolisto Facebook Prophet 0,32 1410 1278 1742 

Vaso Chocolisto Facebook Prophet 0,22 1243 1169 1150 

Vaso Hobby Sundae  Holt Winters 0,49 247 206 265 

Vaso Heladino Facebook Prophet 0,30 120 545 600 

Table 6.  Selected forecasting models and error measures. (2020). The Authors. 

In the majority of situations Facebook Prophet was chosen as the best forecasting model because it presented a lower 

error measurement than ARIMA. However, as it can be observed in the table, Paleta Aloha and Vaso Hobby Sundae 

presented a considerable error measure that could have a negative financial impact for the retailer because of the high 

uncertainty that the error measure reflects. In the case of this brands, the retailer was also provided with the forecasts from 

Excel. The criteria the retailer followed to choose the forecasts that could be used to place orders was also based on the 

historic data of each brand and in the case of those brands, in addition to their high MAPE, the historic sales played a heavy 

role on the retailer´s decision to choose the forecasts from Excel. The sales data from december of 2019 of Paleta Aloha 

and Vaso Hobby Sundae presented values that were very similar to Excel’s forecasts (2945 and 245, respectively).  

5.2 Design of the costing system and definition of KPIs 

The costing system is where the information from the forecasting model and the inventory model converges and where 

the performance indicators are generated and sent to Tableau and therefore, the result of the design of the costing system is 

precisely how all the elements of that system interact to provide the retailer information that is relevant to make decisions. 

The costing system developed in Google Sheets can be consulted in the next link: Costing system (Annexed # 6) The design 

includes receiving the forecasts from Google Colab, applying the forecasting models of QR and Ss to the historic orders of 

the selected brands, the distribution of the monthly forecast in according to the forecasting models and the Net Requirement 

calculation. 

 

https://drive.google.com/file/d/1tSnrDO8mPgg-4GqiKFFETMDiRevsV-qy/view?usp=sharing
https://docs.google.com/spreadsheets/d/1Nr9duFRBhgFj9ia6ujHvY1uEvZthsDvcrs6bf1MMrMM/edit?usp=sharing
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The costing system contemplates the daily recording of sales, placed orders, inventories, and missing products using the 

digital platform that was developed in this project. This information is stored, and the respective calculations are made to 

generate the costs and incomes indicators. The daily suggested product orders automatically adjust to the day, the order 

quantity, and the inventory capacity. Tableau Public allows the possibility of working with Google’s cloud and therefore, 

taking the daily product orders and making them available in the digital platform through a dashboard. In addition to this, 

the diagram that can be observed here is the graphical representation of the design of the costing system, which includes the 

logical connections that are made. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

  

 

 
 

Diagram 7. Design of the costing model. (2020). The Authors. 

The following table is the result of the application of the inventory policies to the historic daily orders the retailer made 

from 2018 to 2019:  

Table 7.  Results of inventory policies (2020). The Authors 

 

The previous table illustrates that references with a higher number of orders such as Polet and Chococono, represent 

higher costs for the case study company. The number of missing units could be explained by the fact that the low inventory 

Results of inventory policies  

Ice cream Brand Cost of policy  Inventory Policy Q R S s # of missing units # of orders 

Bocatto $ 411.758 QR 132 18 132 18 1411 86 

Polet $ 1.055.045 QR 48 7 48 7 38475 236 

Artesanal $ 253.392 QR 582 50 725 50 45 19 

Chococono $ 1.159.944 QR 903 106 1488 106 3953 72 

Casero $ 182.859 Ss 200 14 200 14 945 47 

Barra Aloha $ 47.381 Ss 120 14 120 14 606 75 

Paleta Aloha $ 220.474 Ss 240 18 240 18 1003 49 

Paleta Chocolisto $ 153.906 QR 600 34 600 34 167 19 

Vaso Chocolisto $ 114.081 QR 156 6 180 6 439 73 

Vaso Hobby Sundae  $ 285.213 Ss 112 12 112 12 2343 104 

Vaso Heladino $ 346.446 Ss 72 11 72 11 7388 165 
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of certain brands requires a higher frequency of product orders, and this has a high financial impact for the company.  

Products that have a higher demand, eventually have higher product order quantities (𝑄).  

 

The next table contains unit, ordering, holding, and missing costs as well as the calculated demand and the sales price of 

each brand:  

Table 8.  Estimated Costs. (2020). The Authors. 

 

Table 9 displays the financial impact of underestimating and overestimating the demand by 40%. The purpose of this table 

was to measure the importance of the forecasts taking a variation of sales into account.  

 

Table 9.  Financial impact of the variations of the demand. (2020). The Authors 
 

As it can be observed on Table 9, there would have been a positive financial impact if the demand was overestimated, 

meaning the value of the demand would have been 40% higher. This would represent a higher value of missing costs (p), 

impacting the levels of service of the case study company and therefore a higher rotation of inventory, which can be observed 

in the values of holding costs (h), which would have been lower by 63,33% than the values of underestimating the demand. 

Despite having lower levels of service by overestimating the demand, the company’s income and profit would have been 

higher. If the demand is underestimated by 40%, there would not have been a profit for the case study company and 

references would have been a longer time in inventories, which can be observed in the holding cost (h) value. The previous 

implies that considering the forecasts that were generated, it is more expensive of the case study company to have forecasts 

that are higher than the demand if there is a variation of 40%.     

 

The financial and inventory impact of the suggested orders was evaluated considering the variability of the demand for 

each brand. The evaluation was focused on the effects this variability would have on inventories, specifically on missing 

costs (p) and holding costs (h). The following link contains the analysis of the impact of variability has on suggested orders:  

Impact of the variability of the demand (Annexed # 7).  The impact was evaluated in three scenarios, as it was previously 

described: the impact on the real orders placed by the retailer, the impact of what would have happened if the retailer placed 

the suggested orders and the impact of what would have happened if the retailer had placed the suggested orders considering 

a security stock. The impact was measured considering the real sales data and an upper and lower bound of that same sales 

data, which can be translated into the theorical situation of the forecasts having to respond to lower sales or their response 

to a higher number of sales. The following graphs indicate the overall financial impact of the three scenarios:    

 

 

Estimated costs  

Ice cream Brand 

Unit costs 

(c) 

 COP 

Ordering costs (k)  

COP 

Holding costs (h)  

COP 

Missing costs (p) 

COP 

Demand (λ) 

units 

Sales price 

COP 

Bocatto $ 1.988 $ 1.400 $ 258 $ 1.012 6616 $ 3.000 

Polet $ 1.902 $ 1.400 $ 247 $ 1.098 2411 $ 3.000 

Artesanal $ 1.136 $ 1.400 $ 148 $ 564 17872 $ 1.700 

Chococono $ 1.003 $ 1.400 $ 130 $ 497 37946 $ 1.500 

Casero $ 672 $ 1.400 $ 87 $ 328 4870 $ 1.000 

Barra Aloha $ 294 $ 1.400 $ 38 $ 206 4934 $ 500 

Paleta Aloha $ 1.100 $ 1.400 $ 105 $ 100 6355 $ 1.200 

Paleta Chocolisto $ 672 $ 1.400 $ 87 $ 328 12082 $ 1.000 

Vaso Chocolisto $ 500 $ 1.400 $ 224 $ 300 1952 $ 800 

Vaso Hobby Sundae  $ 1.467 $ 1.400 $ 191 $ 33 4208 $ 1.500 

Vaso Heladino $ 1.100 $ 1.400 $ 191 $ 1.100 3908 $ 2.200 

Brand 

Overestimated theorical demand   Underestimated theorical demand  

Missing costs (p) 

COP 

Holding costs (h)  

COP 
Income Profit 

Missing costs (p) 

COP 

Holding costs (h)  

COP 
Income Profit 

Artesanal  $       146.608,80   $       279.447,65   $      4.607.000,00   $      2.079.133,00   $                     -     $   1.155.850,62   $       1.975.400,00  -$       552.467,00  

Paleta Chocolisto  $                        -     $       329.078,40   $         970.000,00   $              2.320,00   $                     -     $     532.873,60   $          418.000,00  -$       549.680,00  

Chococono  $       730.851,64   $        196.050,90   $      8.293.500,00   $      4.417.289,76   $                     -     $ 1.428.834,23   $      3.550.500,00  -$        325.710,24  

Vaso Heladino  $        122.100,00   $          22.256,67   $         840.400,00   $         602.800,00   $                     -     $      103.620,00   $         360.800,00   $         123.200,00  

Polet  $                        -     $        149.624,00   $       1.065.000,00   $         334.632,00   $                     -     $     357.449,20   $         465.000,00  -$       265.368,00  

Bocatto  $                        -     $      1.017.238,87   $        1.122.000,00  -$        472.239,66   $                     -     $ 1.252.597,94   $         492.000,00  -$      1.102.239,66  

Vaso Vaso Hobby 

Sundae  
 $           7.425,00   $          28.557,60   $          991.500,00   $         498.584,58   $                     -     $     203.472,90   $          421.500,00  -$            71.415,42  

Casero  $      248.084,04   $        185.930,24   $       4.123.000,00   $       2.156.581,00   $                     -     $       918.536,16   $       1.767.000,00  -$         199.419,00  

Paleta Aloha  $      909.000,00   $         126.510,00   $      8.520.600,00   $     5.842.200,00   $      16.200,00   $     377.070,00   $      3.638.800,00   $        960.400,00  

Vaso Chocolisto   $       517.500,00   $            7.366,67   $       1.776.000,00   $      1.686.000,00   $     101.100,00   $       32.883,33   $         665.600,00   $        575.600,00  

Barra Aloha  $       167.890,00   $          32.369,40   $         803.000,00   $         648.650,00   $                     -     $       113.523,20   $          301.000,00   $         146.650,00  

Total  $ 2.849.459,48   $    2.374.430,40   $     33.112.000,00   $    17.795.950,68   $    117.300,00   $    6.476.711,19   $    14.055.600,00  -$     1.260.449,32  

https://drive.google.com/file/d/1wBvRptszqKIW-f05ArALpn5FrM5d3gQ2/view?usp=sharing
https://drive.google.com/file/d/1wBvRptszqKIW-f05ArALpn5FrM5d3gQ2/view?usp=sharing
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Graphs 9, 10 and 11. Impact of variability on the suggested orders (2020). The Authors.  

 

As it can be observed on the previous graphs, if the retailer had followed the suggested orders exactly and had considered 

a security stock for each brand, this would have had a positive impact on inventories and costs considering the fact that by 

taking the real demand for december, the performance of the overall costs (𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠 = 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠(𝑝) +
ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠(ℎ)) was better in the third situation, with a value of $5,454,854 COP, by contrast to the second situation 

with a value of $6,297,568 COP and the first situation with a value of  $6,312,418 COP. 

 

 The scenario where the retailer ordered the exact values of the suggested orders performed better in the case where the 

demand would have had a negative variation (lower bound), with a value of $1,441,451 COP. This can be explained by the 

fact that orders would have been much lower in this situation. The best performance of having a higher demand due to a 

positive variability (upper bound) was in the case of the real orders placed by the retailer, but it reflects the retailer tended 

to overstock, which has an impact on costs and inventories.  

 

The effect of the security stock can be observed in the cases of each brand, by instance in the case where there is a 

theorical increase on the demand Vaso Chocolisto has cost of $6.378.421 COP on the real scenario, $3.695.368 COP on the 

second scenario and $3.381.671 COP on the third scenario, which constitutes an estimated 10% reduction in costs with 

respect to the second situation and an estimated 89% reduction with respect to the real situation.  After analysing the three 

situations, it is clear that if the demand would have had a positive variability, the retailer would have had a negative impact 

in terms of inventories and costs, due to the fact that the missing costs would have risen in a considerable way. The file that 

contains the analysis of the impact the suggested order has considering the variability of the demand can be consulted on 

the following link: Analysis of the variability of the demand. 

 

The digital platform that was designed and developed to be implemented in the case study company can be consulted in the 

following link: Digital platform. 
 

5.3 Implementation of the digital platform  

 

Regarding the implementation of the digital platform, the retailer’s perception had to be evaluated through a semi-

structured interview. The transcription of the semi-structured interview was designed to evaluate the retailer’s perception 

of the platform can be consulted on the next the following link: Perception of the digital platform (Annexed 8). The answers 

provided by the retailer display that the retailer trusted the forecasts that were presented in the digital platform. This can be 

evidenced by the fact that the word “accuracy” in relationship with the forecast is very repeated throughout the interview. 

The retailer also evidenced that the platform provided relevant information to make decisions, which is presented in the 

indicator’s module.  

 

Another element that can be manifested in the retailer’s answers is that there was a negative impact on the business in 

2020, which resulted on lower influx of people through the year in the case study company and therefore sales were affected. 

With respect the process of relying on the forecast, the retailer expressed that in an early stage of the implementation the 

values presented in the suggested orders were perceived as very high or very low, and that with time, and by seeing the sales 

by comparison to the forecasts, the level of trust increased.  

 

In terms of the perception towards the benefit of the digital platform as a business model, the retailer expressed that since 

the daily suggested orders of the analyzed brands took the forecasts, the previous placed orders, and the inventory levels 

into account, it was not necessary to manage large inventories of references that did not have a good rotation, and in the 

retailer’s view this resulted in costs reductions.  
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https://docs.google.com/spreadsheets/d/1pLsWagKZI9pvd5QR0D9Anr1QYKrVqEtePvAvuBFWJU4/edit?usp=sharing
http://adminorista.com/
https://drive.google.com/file/d/1U-d8LhMWJCAv5ph9OB2Wq2jhBSv-cKD-/view?usp=sharing
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Even though the retailer expressed that the platform was functional, the suggested orders were accurate, and that its 

implementation was beneficial, it mentioned that it was very demanding register of information because of the level of detail 

that was required, which included the daily sales, the inventory levels, the daily orders, and the missing products of each 

selected brand.  

 

After performing the interview, a survey was conducted to evaluate the design and functionalities of the digital platform. 

The following table are the results of the survey that measured how the retailer’s needs were met following the characteristics 

of standard ISO 9126:  

 
 Question weighting table 

Questions Functionality  Relatability  Usability  Efficiency  Maintainability  Portability  Score  

Question 1 0,25 0,25 0,75 1,25 1,00 1,00 5,00 

Question 2 0,75 0,25 1,00 0,25 0,25 0,60 5,00 

Question 3 0,30 1,00 0,50 0,35 0,25 0,75 5,00 

Question 4 0,90 0,60 0,60 0,40 1,00 0,95 5,00 

Question 5 0,40 0,50 0,60 0,30 0,40 0,25 5,00 

Question 6 0,60 0,20 0,64 0,80 0,36 0,44 4,00 

Question 7 0,55 0,25 0,25 0,25 0,75 0,25 5,00 

Question 8 0,50 0,65 0,25 0,45 0,20 0,25 5,00 

Question 9 0,60 1,25 0,25 0,75 0,75 0,40 5,00 

TOTAL 4,85 4,95 4,84 4,80 4,96 4,89 88% 

 

Table 10.  Question weighting table (2020). The Authors. 

 

With the results of the previous table, the following table was built to have an overall result of the scores of applying the 

standard to evaluate the digital platform:  

 
Overall results of the functionalities of the platform 

Characteristics  Description Percentage  Score  Total  

Functionality  
Do the functions and properties satisfy the explicit 

and implicit needs? 
15% 4,85 0,7228 

Reliability  
Can it maintain the level of performance, under 

certain conditions and for a certain time? 
10% 4,95 0,4895 

Usability  Is the software easy to use and easy to learn? 25% 4,84 1,21 

Efficiency  Is it fast and minimalist in terms of resource usage? 10% 4,80 0,48 

Maintainability  Is it easy to modify and verify? 15% 4,91 0,7365 

Portability  Is it easy to transfer from one environment to another? 25% 4,89 1,2225 

TOTAL  100% 29,24 4,86 

 

Table 11. Overall results of the functionalities of the platform (2020). The Authors. 

 

The obtained results demonstrate that the platform met the needs of the retailer in terms of the characteristics of the 

standard in a satisfying manner. The characteristic that required a greater level of improvement is the efficiency of the 

platform, which can be corrected with a design that is more minimalistic and clearer for the retailer. Since the indicators 

part of the platform is where the relevant information is presented to the retailer, it is critical that there is a high level of 

efficiency in this module.  

 

5.4 Measurement of the implementation of digital platform 

 

As it was mentioned earlier, the KPIs were measured before the implementation of the digital platform (november 2020) 

and after its implementation (december 2020). These values were calculated with the ice cream brands that were selected 

for the development of this project. The tables than can be observed in this part contain the measured KPIs and are a tool to 

evaluate the impact of the implementation of the digital platform by the retailer. There is an evident improvement in the 

indicators after the implementation, although it is important to mention that over the year 2020 there was a negative impact 

in the business (due to Covid-19 and public policies deployed to decrease the spread of the virus) and there were several 

variables that influenced the improvement of the december’s indicators, such as a correlation between climate and sales and 

a larger influx of people purchasing in the case study company.  

 

The following table corresponds to the Return on Investment (ROI), the Gross Margin, and the Inventory Rotation measured 

in november and december of 2020:    
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ROI, Gross Margin, and Inventory Rotation 

Months ROI Gross Margin 
Inventory 

Rotation 

november 2020 12,67% 11,24% 3,105 

december 2020 35,17% 26,02% 5,469 

Table 12.  ROI, Gross Margin, and Inventory Rotation (2020). The Authors. 

As it can be observed in the previous table there was a 254% increase in the Return of investment of the selected ice 

cream brands, which means for every $100 COP that was invested in purchasing the selected brands, there was a return of 

$135,17 COP during december. There was a 231% increase in Gross Margin, which means that for every COP that was sold 

during december, $26 COP were generated. The improvement in inventory rotation can be explained by the fact that the 

implementation of the digital platform could guarantee that the references that had a higher demand were sold and this has 

a very clear relationship with the forecasting model. 

The following table corresponds to the KPIs of november and december of 2020 of the sales revenues, the sales costs, the 

average inventories, and the order quantities of each ice cream brand as well as the totalized result of the performance of 

the KPIs of these brands. There was a significant increase in the sales of some brands and in some cases, it is more than 

double. This can be explained by the fact that brands like Artesanal have a non-stationary behavior, which means that they 

present trend and seasonality, and the forecasting models were able to capture this behavior. Brands like Vaso Chocolisto 

have a Stationary behavior and do not present a large variation in sales.  

Financial and inventory KPIs 1 

Ice cream brands  

november 2020 december 2020 

Revenue Sales Cost 
Average 

inventory 

Order 

Quantity 
Revenue Sales Cost 

Average 

inventory 

Order 

Quantity 

Artesanal $ 1.401.621 $ 1.762.945 349 1500 $ 3.291.200 $ 2.527.867 386 2225 

Barra Aloha $ 255.000 $ 91.241 225 300 $ 502.000 $ 154.350 442 525 

Casero $ 1.537.241 $ 1.133.603 589 1630 $ 2.945.000 $ 1.966.419 462 2925 

Chococono $ 3.258.621 $ 2.814.383 385 2712 $ 5.922.000 $ 3.876.210 337 3864 

Paleta Ahola $ 255.000 $ 91.241 225 904 $ 502.000 $ 154.350 442 2976 

Paleta Chocolisto $ 651.724 $ 542.234 154 780 $ 694.000 $ 967.680 492 1440 

Vaso Chocolisto $ 521.379 $ 341.379 297 660 $ 555.200 $ 90.000 189 180 

Vaso Heladino $ 261.724 $ 13.655 65 12 $ 600.600 $ 237.600 17 216 

Vaso Hobby Sundae  $ 406.552 $ 291.377 71 192 $ 706.500 $ 492.912 18 336 

Polet $ 462.414 $ 377.777 31 192 $ 765.000 $ 730.368 97 384 

Bocatto $ 422.069 $ 913.031 38 444 $ 807.000 $ 1.594.240 413 802 

TOTAL $ 9.433.345 $ 8.372.866 2429 9326 $ 17.290.500 $ 12.791.996 3295 15873 

 

Table 13.  Financial and inventory KPIs 1. (2020). The Authors. 

The previous table show an increase in sales costs by contrasting december and november and the explanation of this is 

that a higher demand of ice cream requires the retailer to purchase more references. This situation can be reflected in the 

increase of average inventories of december with respect to november. If the demand of one month is lower because of 

variables such as weather, this has a negative impact in the demand of each ice cream and therefore, the retailer purchases 

lower number of references. Taking this situation into account, the forecasting models projected an increase on december’s 

demand and by integrating them in the costing system with the inventory models, it delivered the daily orders for the retailer. 

An increase in the number of orders increases in the average inventories. 

The next table displays the values of each brand’s profit, sales, average inventories, and importance in both november 

and december of 2020. There is a lower profit in the brands of november that can be explained with the Inventory Rotation 

indicator. The references in november had a lower rotation and therefore, remained a longer time in the refrigerators which 

derives in purchasing references that are not being sold. There is a clear increase in sales volumes and the references of 

december portray a higher inventory cost since the retailer placed a higher number of orders to supply the demand. In terms 

of the importance of each brand with respect to sales, there was a shift from some brands to others, but it was tenuous, which 

can be explained by the fact that these are indeed the most important brands for the retailer and therefore they are the ones 

that are more frequently ordered from Meals. Chococono is the brand that shows a higher profit and remains the most 

popular brand for the customers of the case study company.    

Financial and inventory KPIs 2 

Ice cream brands  

november 2020 december 2020 

Profit Sales 
Average 

Inventory costs 

Brand 

importance 
Profit Sales 

Average 

Inventory costs 

Brand 

importance 

Artesanal -$ 361.324 825 $ 3.965 10,82% $ 763.333 1936 $ 4.385 10,63% 

Barra Aloha $ 163.759 535 $ 662 7,01% $ 347.650 1004 $ 1.299 5,51% 

Casero $ 403.638 1536 $ 3.960 20,14% $ 978.581 2945 $ 3.106 16,16% 
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Chococono $ 444.238 2214 $ 3.862 29,03% $ 2.045.790 3948 $ 3.381 21,67% 

Paleta Ahola $ 163.759 405 $ 1.812 5,31% $ 347.650 5532 $ 3.560 30,36% 

Paleta Chocolisto $ 109.490 657 $ 1.035 8,61% -$ 273.680 694 $ 3.306 3,81% 

Vaso Chocolisto $ 180.000 743 $ 5.127 9,74% $ 465.200 894 $ 3.262 4,91% 

Vaso Heladino $ 248.069 125 $ 954 1,64% $ 363.000 273 $ 249 1,50% 

Vaso Hobby Sundae  $ 115.175 275 $ 1.042 3,61% $ 213.588 471 $ 264 2,58% 

Polet $ 84.637 158 $ 590 2,07% $ 34.632 255 $ 1.845 1,40% 

Bocatto -$ 490.962 154 $ 755 2,02% -$ 787.240 269 $ 8.210 1,48% 

TOTAL $ 1.060.478 7627 $ 23.764 100,00% $ 4.498.504 18221 $ 32.867 100,00% 

Table 14.  Financial and inventory KPIs 2. (2020). The Authors. 

To evaluate the impact of the implementation of the digital platform there was a comparison of the Sales Growth KPI 

from november of 2019 to december of 2019 with respect to its value from november of 2020 to december of 2020 (the 

month where the platform was implemented). The following table displays the revenues of each year’s months and the 

Sales Growth indicator:  

Sales contrast between 2019 with 2020 

Months Revenue 2019 Revenue 2020 Sales Growth 2019 Sales Growth 2020 

november $ 28.751.140 $ 9.433.345  

-13,71% 

 

83,29% 
december $ 24.808.462 $ 17.290.500 

Table 15. Sales contrast between 2019 with 2020. (2020). The Authors 

The ice cream brands that were analyzed in 2020 were also examined for 2019. 2019 was a year in which the finances of 

the company were not as affected as they were in 2020 and therefore the revenue of these brands was much higher in those 

months by comparison to their 2020 values. Taking this into consideration, these brands showed a decrease in sales during 

2019 of -13,71%. There was a drastic 83,29% increase in sales for those brands in november of 2020 with respect to 

december of 2020 and this is an indication that there is a benefit on implementing a business model that contains a 

forecasting system, rather than relying only on intuition and knowledge of the market. 

The impact of the digital platform was also on the degree in which the daily forecasts presented in the digital platform 

were considered to place orders as well as the level in which the sales matched the forecasts. In most cases there was an 

acceptable performance of the forecasts by comparison to sales. The forecasts of references such as Bocatto had a 

considerable gap between forecasts and sales. Another element that can be observed in the table is that the retailer trusted 

the daily forecasts presented in the digital platform in a good percentage during the implementation. This can be evidenced 

by the fact that the sales forecast of most brands presents a gap that is lower than 30% in most cases, although it can be 

acknowledged that for the retailer to fully rely on the forecasts, there is a process of adapting to the digital platform. An 

example of the retailer not fully relying in the daily orders is the large gap between the forecast and the orders of Vaso 

Chocolisto. The following table displays december’s forecasts, december’s sales, and the placed orders of each brand during 

this month: 

Forecasts performance in terms of placed orders and sales 

Brand 
december’s 

Forecast 

december’s 

sales 
Orders 

Forecast Sales 

Gap 

Forecast Orders 

Gap 

Artesanal 2493 1936 2225 28,77% 12,04% 

Chococono 4979 3948 3864 26,12% 28,86% 

Barra Aloha 970 1004 525 3,39% 84,76% 

Casero 2518 2945 2925 14,50% 13,91% 

Paleta Aloha 3065 5532 2976 44,60% 2,99% 

Paleta Chocolisto 1278 694 1440 84,15% 11,25% 

Vaso Chocolisto 1169 1388 180 15,78% 549,44% 

Vaso Heladino 247 273 216 9,52% 14,35% 

Vaso Hobby Sundae  239 471 336 49,26% 28,87% 

Polet 209 255 384 18,04% 45,57% 

Bocatto 555 269 802 106,32% 30,80% 

 

In most cases there was an acceptable performance of the forecasts by comparison to sales. The forecasts of references such 

as Bocatto had a considerable gap between forecasts and sales. Another element that can be observed in the table is that the 

retailer trusted the daily forecasts presented in the digital platform in a good percentage during the implementation. This 

can be evidenced by the fact that the sales forecast of most brands presents a gap that is lower than 30% in most cases, 

although it can be acknowledged that for the retailer to fully rely on the forecasts, there is a process of adapting to the digital 

Table 16. Forecasts performance in terms of placed orders and sales. (2020). The Authors 
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platform. An example of the retailer not fully relying in the daily orders is the large gap between the forecast and the orders 

of Vaso Chocolisto.  

In addition to the positive impact of implementing the digital platform as a business management tool, there was a social 

impact, that can be measured through 3 of the 17 Sustainable Development Goals proposed by United Nations (UN): 

Economic Growth (Goal number 8), Industry and Infrastructure (Goal number 9), and Responsible Consumption and 

production (Goal number 12): 

According to the UN, poverty and employment numbers of 2018 reached their best records in history, but despite 

this, a large percentage of the world population does not have a stable employment situation. 61% of the world's 

labor force had informal jobs in 2016, which is more than 2 billion people. This makes them vulnerable to 

worldwide events such as an economic crisis.  In addition to this, more than 700 million people around the world 

work under situations of extreme or moderate poverty for the year 2018 (United Nations, 2021). Economic growth 

challenges require solutions that can increase productivity and technological development hence making 

companies able to create more jobs because of higher incomes. In this sense, the results of the financial KPIs show 

that this digital platform can be beneficial for retailers, and by a process of constant improvement, it can potentially 

adapt to other retailers and small independent marketers that do not have access to digital management systems, 

such as an ERP (Enterprice Resource planning). A proper business management with a tool that facilitates decision 

making, translates into greater productivity because less resources generate a higher revenue.  

Innovation can be defined as helping organizations grow by improving turnover, profit, knowledge, and efficiency 

and this implies making changes to something that was established and introducing something new to improve 

processes, services, or products from an organization (Sullivan, 2009). The UN establishes that innovation is a 

necessary tool to face several world’s challenges (United Nations, 2021). In this regard it is evident that this 

project took elements and tools and integrated them into a digital management system that contributed to the case 

study company in terms of knowledge, by making the business information available in KPIs and improved 

processes such placing orders, supported by an estimation model and a costing system and therefore, there was 

an innovative process that translated into a benefit for the retailer.   

The United Nations sustain the level of consumption needs of a large part of the population is so large, that the 

current resources are not going to be able to satisfy the demand. Despite this fact, people and companies are 

wasting resources that could be used properly (United Nations, 2021). By granting the retailer the possibility of 

ordering only what is necessary, taking the forecasts and inventory levels into account, energy and resources are 

used better to fulfill the business's goals.  

6. Conclusions and recommendations  

6.1 Conclusions  

▪ As the results show, the ice cream families that present a greater amount of sales volume tend to have a lower 

value of p-value in contrast to the ones that had lower sales. The three brands had a p-value lower than 0,05 or 

near (in the case of Artesanal that had a p-value of 0,054, which is close to a stationary behavior).  Regarding the 

Aloha brand which had a p-value of 0.33, it reflected a clear seasonality and trend. It is important to mention that 

Meals constantly uses this brand for sales contests during random times of the year and in the case of 2020's 

december there was an active contest of this brand, which triggered sales during this month in comparison to 

previous ones. 

▪ There is a clear relationship between Colab's forecasts’ MAPE and the profitability of the references since lower 

values of error in certain references tended to have higher profitability. This can give a general overview that 

unexpected changes in order quantities and demand can generate a larger gap between forecasts and sales as well 

as forecasts and orders. Even though this gap was larger in some cases, there is a clear benefit in implementing 

forecasting models rather than not having one implemented, which can be seen in the retailer's perception and 

with the financial impact of the platform as a business management tool. 

▪ Since the behavior of most brands was not stationary, there were considerable variations over the year, there are 

restrictions that must adapt to those changes. A suitable way to manage inventories, taking these restrictions into 

account was the designed dynamic inventory model integrated in the costing system. This model took the QR and 

Ss policies only as a reference to distribute the forecast in each month. It would not have been as beneficial to 

only rely on the QR and Ss policies these policies since they assume stationarity. The suggested orders adapted 

to the reality of the business by considering orders, sales, forecasts, and storage capacity, which allowed to suggest 
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orders that considered this information thus helping the retailer make proper ordering decisions, such as not 

ordering large volumes of references that would not have an acceptable inventory rotation.   

▪ The interview and the survey that were carried out, as well as the gap between forecasts and orders (which serve 

as a measure for the retailer’s trust on the suggested orders) indicate that even though in most cases there was a 

high level of trust in the information of suggested orders, there are a few brands that present a large gap between 

orders and forecasts. The positive economic impact on the examined brands after the implementation of this 

platform could be a first step for the retailer to fully trust the platform as a business tool as well as a larger period 

to implement the platform.  

▪ The measurement of the implementation consisted of evaluating the use of the platform in december of 2020 by 

contrast to not using the platform in november of 2020 using KPIs. Based on the KPIs, which it is possible to 

indicate that the use of the platform as a business management system was useful from a decision standpoint.  The 

effects of the implementation were higher suggested orders, by comparison to the previous period, which 

increased average inventories as well as purchasing costs. This was not a negative outcome, since there was an 

increase in income, which is reflected in indicators such as Return on Investment (ROI) and Inventory Rotation.  

The implementation of this digital tool had a generally positive impact on business dynamics.   

▪ It was an adequate decision to use Google services for the development of the system that resulted in the digital 

platform. Google Colab, where the forecasting models were generated using Python language, sent the forecasts 

to Google Sheets, where the costing system was designed. Google Sheets files are easily read by Tableau Public 

and the indicators can be generated in real time. Tableau public allows dashboards to be presented in other 

websites with HTML language.  This evidences that the flow of information did not require additional costs and 

that the communication between the tools that composed the system was smooth.   

6.2 Recommendations  

▪ Brands that have a demand that has a constant behavior are easier to forecast and could consequently have more 

effective methods to increase their sales, such as positioning the brand in consumer's habits rather than relying on 

specific promotions contests. This could translate into better demand planning, reduction in the elasticity of the 

demand, and lower values of errors between forecasts and sales. 

▪ It is recommended for the retailer to apply QR and Ss inventory policies for Polet, Chococono, Casero Barra 

Aloha and Vaso Chocolisto, since those brands have a stationary behavior, and this respects the theorical 

assumptions of the continuous inventory models. This could derive the retailer losing costs by ordering only when 

is necessary and in guaranteeing that the demand is satisfied by measuring two service levels: The proportion of 

the inventory that can cover the demand and the number periods where there are no missing products.  

▪ Taking the results into consideration, it could be useful to collect the historical information on the demand from 

different Crem Helado's authorized marketers from different locations in the city and this implies different socio-

economic conditions. This could nourish the analysis because if the behavior of these brands is similar. It would 

be beneficial for Meals since there could be better production planning, better investment in resources, and proper 

inventory management.   

▪ Given the financial impact weather could have on retailers, it is recommended to analyze the behavior of rainfall, 

temperature, and sales to carry out statistical tests that could determine the correlation between these variables. If 

there is a correlation, this opens the possibility of integrating weather to the forecasting model and this could 

provide criteria to generate forecasts that adapt to the situation of each retailer. This could avoid incurring in 

additional costs during rainy seasons or take advantage of situations where there is good weather to increase sales, 

given the seasonal effects that ice cream has.    

▪ The retailer evidenced that the recollection of information of all the analyzed brands was a demanding task. A 

higher level of automation, by for example using a QR code in certain ice creams to register sales and missing 

products and later sending this information to a data base that is input of the forecasting model and the costing 

system could make the retailer’s task easier as well as the accuracy of information. Making this process easier for 

retailers could increase the number of people that use the platform for business management. 
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