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Abstract 

This paper delves into the pursuit to introduce data centralization methods to small-scale firms and 

startups. This is done by teaching the founders skills and methods in Excel while tailoring the 

outputs to their specific industry and customer segments. Throughout this consulting-like process, 

I recorded each firm’s ability to understand my methods and the relative likelihood for adoption 

post-consulting. This study has found that the likelihood for adoption lies not in the complexity of 

the model, but the stage of the startup. By understanding this key difference, this paper aims to 

provide a blueprint for firms to follow when implementing data-centric practices, but giving 

specific recommendations based on two key life cycle points: inflection and continuation. The 

significance of these two terms will be discussed in the body of this thesis.    
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Introduction 

Data collection is an integral part of a startup’s success and can be the catalyst for an 

entrepreneur to best understand their customer base. Researchers in the field have looked more 

into the varying levels of data integration and the historical shift to having information digitalized. 

The key of this subsequent paper is to discuss a data-centric mindset within a small business, but 

with the emphasis on in-house analysis. In the world of big data, companies have been created to 

deal with data centralization. Companies such as Salesforce and Pipedrive offer platform-based 

approaches for a small to large size company to analyze their customers better. The central 

argument of this paper is that for a cheaper, more efficient cost, an entrepreneur could better make 

decisions and predict consumer behavior. In turn, the adoption of these types of processes is based 

not on the complexity of the model or method, but the stage of the startup. The two stages that will 

be discussed throughout the paper are inflection and continuation. Inflection refers to the point 

where a firm has made the conscious decision to change their practices (i.e. move to using customer 

analysis methods). Continuation is a point on the life cycle where a firm is looking to continue 

their practices either because the firm is succeeding currently, or the organizational inertia of 

change is too great.     

 One of the central sources of data for which this thesis is based is an all-encompassing data 

frame of customer activities within a startup named Nexentia. Nexentia is a biotech startup located 

in Medellín, Colombia that specializes in microencapsulation of essential minerals for digestion in 

both animals and humans. The data frame for this thesis focuses solely on the product Forticaps 

which is a calcium tablet for horses. With this background in mind, the key metrics that are 

included in the dataset are individual purchase data, consolidation of costs, lifetime value 

projections, and traction models. The archival data here is extremely rich and dates to around 
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September 2017. As analyzed thoroughly in Peter Fader’s paper, I will use a slew of modeling 

techniques with a primary emphasis on the negative beta-binomial model. (Fader et al., 2010). 

From there, I looked to see their willingness to adopt these methods post-consulting. For the 

purposes of the subsequent analyses, Nexentia is a company in the continuation stage of their life 

cycle.  

 The second main data source for this analysis comes from a retail startup based out of 

Miami, Florida called Intrekit. Their primary product is leggings which is geared towards a specific 

customer segment: women who are passionate about health but are not avid fitness-fanatics. With 

such a clear mission in mind, they have found trouble keeping a central data process in place. With 

the study being encompassing of consulting practices for the firm, I was able to extract and 

document a robust amount of data. This ranged from their inventory balances to brand 

management. Of the two companies that were studied, Intrekit provided the most comprehensive 

amount of data and allowed for more cross-functional analyses of their business activities. For the 

purposes of this paper, Intrekit’s stage in their life cycle can be classified as inflection due to their 

collective agreement for change and expectation for a large increase in sales volume.    

Most academic papers are built to be dissected by the academic community, but this paper 

is written and conveyed in such a way that any business owner can read and implement these 

practices in order to maximize their profits. The specifics of the recommendations in the following 

analyses are geared towards the inflection and continuation portions of a business. Therefore, some 

of the recommendations/analyses may not be well suited for certain types of businesses. The 

analysis only really discusses the findings with an emphasis on biotech and consumer retail 

industries, which could be a potential limiter of the study. However, this two-tiered approach to 
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this thesis (analysis of methods implemented and willingness to adopt them) is targeted at the 

common entrepreneur.  
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Literature Review 

Introduction 

With data science becoming an increasingly adopted field, all companies regardless of the 

sector have begun to implement data processes in their firms. Scholars have offered a plethora of 

analyses on the relevance of big data, but a decreased amount specialize in data utilization within 

startups. The motivation of this analysis and subsequent literature review is to understand the 

landscape for data implementation in small businesses and how these seemingly “lower resourced” 

companies can best manage the data available to them.  

Data Science Integration 

With such a large array of resources available related to data science integration in general, 

there is a clear correlation between data science integration and positive results for the company 

that implements it. In the more specified data science fields, however, there still appears to be 

some holes that the more tech-savvy company may still not be fully able to do. Ahmed, 

Dannhauser, and Philip (2018) delved into the concept of a lack of direction within data mining 

methodologies when it comes to small businesses. Different frameworks have cropped up such as 

the Lean Startup and Design Thinking frameworks to functionally adapt to common issues faced 

by startups: time and lack of scale. Weber (2018) laments the point that time and lack of scale can 

be combated by the key benefits of data integration. A few that he mentions in his argument are 

“predicting models of customer behavior”, “running experiments to test products”, and 

“identifying key business metrics to track.” These three benefits alone should sway an entrepreneur 

to investigate either hiring a data analyst for their team or implement more intensive data collection 

in-house. In the paper by Provost and Fawcett (2013), they touch more on the in-house capabilities 



 

Parker 7 
 

and the requirements to run an effective data-centric business model. The most important is to 

fully “understand [data science] relationships to other concepts” such as customer relationship 

management. With the marriage of data science and custom relationship management (CRM), both 

can be more effectively utilized and maximize the profits of the firm.     

Customer Relationship Management (CRM) and its Applications 

One of the most talked about terms in any business where sales are the most integral part 

of the profit model is customer relationship management. CRM poses extremely high upside for 

firms due to the different forms that a management strategy can encompass. Ciampi, Giacomo, 

and Rialti (2018) discuss in their piece the type of environment that is well suited for implementing 

CRM software. This is described as a place with a very rigid infrastructure with clear direction and 

goals for the firms that would aid analysis of internal and external data. This rigidity is key because 

with data coming in many different forms, a firm needs to have a clear mission in mind once that 

data is gathered. An application of this rigidity is discussed by Cheng and Shiu (2019) where they 

performed a study of SMEs (small and medium-sized enterprises) and found that using CRM 

software can enhance the effect of social media-based customer involvement. Real world examples 

like this are critical to the mainstream adoption of these concepts because business owners of all 

fields can point to different cases of success and be more inclined to implement these practices 

themselves.  

In another study by Peltier, Schibrowsky, and Zhao (2009), the group were able to conclude 

that CRM knowledge was connected to higher product class knowledge of the entrepreneurs and 

greater orientation in their respective target markets. Positioning is key in a startup’s life cycle and 

the earlier an entrepreneur can understand the specific segment they are looking to target, the more 
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efficiently they can roll out their first MVP (minimum viable product). In other articles such as 

How Integrating CRM and Marketing Automation can Help Startups Drive Sales and How 

Startups and SME's can Leverage Open Source CRM to Increase Business, researches are putting 

together a strong body of work in the field of data leverage. By analyzing the customer as a 

complex unit, a businessperson can pivot themselves accordingly and avoid the frightening statistic 

that “9 out of 10 startups fail” stated by Krishna, Agrawal, and Choudhary (2016).    

Ideas for Future Research 

Some possible ideas for future research can be both simple and complex with obvious 

tradeoffs for either decision. On the easier side, research can be more closely focused on time 

series modeling of a startup’s life cycle regarding data implementation and see if there is a positive 

correlation between using CRM software and increased profits. A major tradeoff to this method 

would be to find suitors for this study and the varying times that startups operate prior to either a 

shut down or a buyout. Another strong possibility is to cross analyze the type of data that is 

typically found in large data-rich firms such as Amazon or Facebook and cross check their 

processes with that an early stage startup looking to better create a product-market fit.  

Conclusion 

From these 10 papers and studies, we can see the existence of a huge body of research in 

the overall field of data science, but not as comprehensive about startup applications. Scholars 

have shown that there exist tangible applications of data in startup utilization and the field has 

shown promise in making this more accessible to almost all business owners. The one major void 

in these papers is a holistic approach for the common entrepreneur. Moving forward it would be 

extremely beneficial if more time series modeling were studied across various startup sectors in 
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order to either see core competencies across or industry-specific data collection and analysis 

methods. 
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Theory Behind Implementation 

Prior to making quantitative analyses of both startups, a large quantity of my time was 

spent delving into the theory behind implementation. The first firm I will discuss in the section of 

the paper is Nexentia, the challenges they faced conceptually, and what their data was intended to 

solve. Next, Intrekit will be compared to Nexentia due to a large body of overlap between the 

strategies that implemented across the two firms.  

Nexentia 

 As mentioned prior in the introduction, Nexentia is a biotech startup that operates out of 

Medellín, Colombia. Interestingly, the company was conceived to be a startup arm of the national 

textile conglomerate Corona. The purpose of Nexentia’s founding, according to their CEO Alexis 

Sabet Echavarria, was to develop cutting-edge products with the intent to learn about specific 

consumer markets. For Nexentia, their dive into data-centric practices was intended to be a trial 

run for more lucrative products that would be human facing.  

The product that I was tasked with assisting on was Forticaps, which was a calcium 

supplement for horses. Corona and Nexentia were able to gain a patent on microencapsulation of 

this form of calcium and were using the horse market (which by numbers is relatively small but 

sustainable in Colombia) to learn about a transition to selling similar products for humans. For 

Nexentia, data was a tool to better understand the clientele and make more tangible analyses. 

Corona due to its large scale and long-standing reputation, had a significant amount of 

organizational inertia to change practices. By using Forticaps as a case-study, they would be able 

to effectively judge whether a shift to data-centric practices were both feasible and beneficial.  
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With this large background in mind, I was hired as a Data Analytics and Marketing intern 

for the startup. My job description was incredibly broad which allowed me the jurisdiction to 

expand my knowledge into all aspects of their business. One main theory that Echavarria always 

preached was the concept of an employee being knowledgeable about all business happenings. By 

understanding the connections between different segments of one’s business, an employee can 

better understand the synergies that exist within the firm. In the case of Nexentia, there were three 

main synergies that I was exposed to: Universidad de Antioquia, Nexentia itself, and the retailers 

that sold the product. The Universidad de Antioquia was the original place where the idea and 

experimentation on the concept of microencapsulation was conceived. Nexentia used their labs as 

a place to refine the process for it to be then packaged and prepped for retail. Nexentia also had a 

chemical plant that operated in-house where the calcium was cut and packaged. Finally, the 

products were shipped to retail locations throughout the country where local businesses who 

specialized in the selling of animal products sold Forticaps.  

Theory-wise, Nexentia can easily be characterized as a fully established supply chain. 

Therefore, they fall squarely in the life cycle of continuation. Nexentia already had synergies in 

place prior to my arrival that they could leverage for data. The only issue was a difference in 

systems used in each stage of their business. For Nexentia itself, they were very akin to the concept 

of using a centralized mainframe such as Google Sheets to record their data. In addition, by using 

other platforms such as Pipedrive, they were able to keep track of customer-centric data to update 

their practices with the consumer in mind. For Nexentia, they were faced with a large amount of 

organizational inertia. The models that will be discussed in the next section worked initially for 

Nexentia, but due in large part to the existing mechanisms in place, were too complex for continual 

implementation. Therefore, theory suggests that being at their stage of life cycle (continuation) 
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poses a potential barrier to entry for these consulting-like strategies. A possible route for success 

would have been to optimize their current practices rather than introducing new methods. 

Therefore, the pre-established systems would not be changed, but refined.  

Intrekit 

 Intrekit as a company is at an earlier stage in their development than Nexentia. As a 

company that sells primarily workout leggings with a variety of shirts as well, their process to 

market takes considerably less steps than Nexentia. There is no need for extensive development of 

the product (i.e. chemical manufacturing) and the time that it takes to alter a product line can be 

much faster. This does not mean that their pursuit for a data-centric approach is any less 

challenging.  

 A major issue that the company faces is the betterment of their accounting practices. With 

a more out-of-house approach initially, Intrekit had their data primarily in QuickBooks and 

Shopify. Although these systems are great for accounting and sales management, the two founders 

ran into an issue of understanding exactly what the numbers represented. Oftentimes “black box” 

type services for businesses are extremely beneficial for a firm, but there needs to be deep 

understanding of all numbers to achieve the maximum benefit. In the case of Intrekit, there existed 

many discrepancies between sales volume and recorded sales on QuickBooks. Additionally, when 

an inventory account balance was created for the firm, there still existed many questions regarding 

the variable and fixed costs calculated for all parts of the business. This (which will be discussed 

in the next section) created some challenges on the consulting side due to an inability to calculate 

accurate metrics such as contribution margin.  
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 Another major theory-based question that was far more specific to Intrekit was the idea of 

aligning their data with their mission. After reading literature and gaining insights from a slew of 

my entrepreneurial classes at Wharton, I have found that their often exists a lack of direction for 

founders due to an unclear mission statement. In Intrekit’s case, they do have a clear mission: 

appealing to health-conscious workout enthusiasts that are not avid gym-fanatics. But how can 

they shape this mission to fit with a new data-centric approach?  

For Intrekit it starts with the brand perception. Their social media needs to be far more 

aligned with what the data is reporting. An example of such implementation is the idea of using 

influencers to push their brand. In the months of December and January, Intrekit took major hits 

to their bottom line due to the gifting of leggings and shirts to select influencers. This was done in 

the attempt to boost viewership on social media platforms and create a positive brand perception 

outside of their Instagram page.  

Theory-wise, this practice makes perfect sense: lose a little money initially in order to 

secure big gains in the future. However, this could quantitatively be a drawback. They were only 

able to net a small profit in these two months, which were little help in offsetting fixed monthly 

costs. A discussion of this will occur more in the next section, but this illustrates how there exists 

a difference between the theory-based approach to this type of analysis and the quantitative 

implications of it. With so many items that were being asked to be changed (accounting practices, 

social media brand, inventory balances), Intrekit is at a point of inflection. The company is looking 

to begin an upward trend of sales, but the only way to ensure success is to better their data 

processes. Unlike Nexentia, their success is heavily influenced by change rather than the 

enhancement of current practices. In the next section, a more thorough analysis of the data behind 
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each firm will be discussed in order to provide a blueprint of recommendations according to a 

company’s point in their life cycle.     
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Empirical Results 

In this section, the entirety of the data processes will be discussed for each firm. The 

methods, although different, align themselves with the theory described in the previous section. 

For Nexentia, the methods revolve primarily around customer analysis with an emphasis on 

customer retention-based modelling. For Intrekit, the emphasis lies more with accounting practices 

and better book management. In this section, a thorough analysis of each firm will be described 

with a transition into conclusions that we can draw solely from the empirical results.  

Nexentia  

 A major concept to note prior to diving into the data associated with Nexentia is truly the 

robustness of their dataset. With data on purchases dating back to September 2017, data was never 

an issue for Nexentia. With a dedicated business analytics team that was outsourced to another 

company, CEO Alexis Sabet Echavarria knew the importance of data centralization. Therefore, 

they were looking to continue their processes rather than altering them.  

My first major point of implementation was to investigate their distribution of the types of 

channels that they appealed to. As a company that focused on the sale of products for horses, it 

was extremely important to know exactly the channels that were resulting in better acquisition of 

customers. In the chart below, a breakdown of the different acquisition channels is separated with 

the bars having the different sizes of the horse farm (pequeño being small, mediano as medium, 

grande as large).  
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This analysis was done on the statistical coding software of R after a thorough cleaning of the data 

through Tableau Prep. Despite the use of these software, this could be easily done in Excel, which 

should encourage the common entrepreneur to engage in this type of analysis. The main bars to 

note in this graph are bars three and ten; the third being the virtual channel and the tenth being 

veterinarians. Knowing which channel provided the highest number of customers was critical for 

Nexentia to be able to allocate resources accordingly. With the virtual channel being their highest, 

they were able to then decide to upgrade their website. In turn, they wanted to make the brand 

image as impressive virtually as it appeared in store. Additionally, knowing that veterinarians were 

creating customers allowed the company to provide more samples to these individuals in order to 

recommend Forticaps to clients. By making data-driven decisions, Nexentia was able to more 

efficiently allocate funds. Optimization is key in a startup and by using the data available, Nexentia 

can ensure success without sacrificing the bottom line.  

  My second contribution to the firm was strongly based off the models discussed in much 

of Dr. Peter Fader’s work on customer centricity. In sum, his research suggests that customers can 
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be reduced to probabilistic measures in order to use for modeling. In layman’s terms, we can 

analyze a customer based on whether they will buy or not buy. Therefore, we only need to calculate 

the probability of purchase as θ and the probability of a non-purchase as (1- θ). In the subsequent 

chart, one of Dr. Fader’s models can be seen for the total number of repurchases of Forticaps over 

the total duration of the company’s existence (2017-2019).  

 

 In the case of this chart, Recompras represents the repurchases of the product that occurred 

in a subsequent period. Therefore, there exists a large quantity of zero repurchases which 

demonstrates that a group of individuals did not purchase again in the years following a purchase 

in 2017. This type of model is a negative binomial distribution with a spike at zero. This spike was 

implemented due to a large quantity of repurchases at zero then a steady drop off after the peak. 

The fit and shape of the distribution are described by the parameters r and α, which show the 

skewness at the first 3-4 values and a huge drop off thereafter. Additionally, the p-value associated 

with the 𝛸2 Goodness-of-fit test demonstrates an extremely accurate fit on the model. The other 

three models for Nexentia with the negative binomial distribution can be found in the Appendix 

under Models A, B, and C.  
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With all the statistical principles of the NBD (negative binomial distribution) model 

validated, Nexentia could look at this model and make data-driven decisions. One of the key 

recommendations that I made to the firm and which can be replicated in all business formats, is to 

the look at the distribution of each repurchase amount relative to the expectation. For example, for 

individuals who repurchased twice, the actual number was greater than the expectation. Looking 

forward, the repurchase of a fourth time is higher in the expectation than the actual amount. 

Therefore, a firm could specifically tailor practices to customers based upon their purchase history. 

By knowing that a customer repurchased three times already, Nexentia could potentially engage 

in more outreach efforts to convert a fourth repurchase. Hence, they could try to bring the actual 

bar closer to expectation. By filtering customers down into probabilistic measures, a firm can 

justify tailored practices for different types of customers. In the case of this model, a firm could 

better understand the purchase history of their clients and look to ensure customer retention past 

the initial buy.  

These two models were the main types of analyses that were constructed for Nexentia. By 

having such large quantities of data, analyses such as these are very feasible in any company. The 

only issue and the reason why adoption of these methods post-consulting did not occur was the 

life cycle of the startup. Positioned in the continuation stage of their operations, Nexentia did not 

have the time to continually update these NBD models. If they were more in the inflection stage, 

I believe that they would be far more committed to the change. For the more general entrepreneur, 

methods that involve Excel are far more feasible due to the learning curve of advanced software 

such as R or these statistical models and can yield similar analyses. Similar to the basic graph 

described initially, bar charts are a fantastic way to highlight a specific aspect of a business and 

make data-driven decisions. In retrospect, enhancing the existing databases would have been far 
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more beneficial for Nexentia in order to continue their path towards optimization rather than giving 

tools that require a steeper learning curve.   

Intrekit 

 Relative to Nexentia, Intekit’s data is far less robust and more decentralized. As described 

prior, the company has a large quantity of its data stored in QuickBooks and Shopify where they 

look to use these mediums to mitigate their accounting. When I first began to assist with Intrekit, 

I asked them to construct a few inventory and cost sheets to better understand their business. These 

sheets can be found in the Appendix under Models D through I.  

 One of the main findings that I found from Intrekit was a large discrepancy across their 

associated costs. For example, Intrekit orders all their legging inventory from China which goes 

through a process of material cutting, printing, and shipping. These, therefore, constitute the 

variable costs associated with each item. However, the founders decided to include the retail bags 

into the variable cost calculations. Although an innocent mistake on the surface, variable costs go 

into all calculations in accounting. With this in mind, many of their numbers for the subsequent 

calculations are slightly off, which emphasizes the purpose of diligence in book-keeping. 

 A recommendation that I had to lessen the confusion over where to document the retail 

bags was to place these items in fixed costs and record the total in inventory balances. As seen in 

Model D, they were able to place the two Etsy bag orders as fixed costs due to the infrequency of 

purchase. By disaggregating the final product (a pair leggings within a bag), it is far easier to draw 

conclusions regarding the contribution margin of your product. For example, companies can look 

to create a breakeven analysis of their products. With the equation, 0 = 𝐶𝑀 ∗ 𝑄 − 𝐹𝐶 , where CM 

is the contribution margin (price per unit less variable costs per unit), Q is quantity of items, and 
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FC is fixed goods in the time period, a firm can effectively solve for the quantity of goods needed 

to breakeven.  

In the case of Intrekit, they produced a range of products from leggings to workout shirts 

which complicates this analysis. Therefore, an easier application of this formula can be used to see 

how much of their highest margin item should they look to sell. With highest contribution margin 

existing for their leggings at $21.44 as seen in Model F in the Appendix, I was able to see how 

many sales of just leggings they would need to produce to breakeven in each month. With a 

monthly fixed cost of $542.37 (not including credit card sales and discounts on items), the 

breakeven quantity for a month would be 26 leggings. If we were to look at other items as well, 

this legging number would lessen, and the relevant number of shirts needed would increase. This 

type of analysis is central for a business because it creates an accurate metric for success each 

month. However, with discrepancies in book-keeping, a firm could have an inaccurate breakeven 

quantity. For Intrekit, bettering these practices would ensure that these metrics provide a clear 

picture of the state of the business. By removing the bag cost from variable cost per legging going 

forward, they should hopefully continue to implement this formula for future months. Intrekit is 

an excellent case study for the relevance of a simplistic formula or model, but the need to be 

diligent in recording one’s costs.    

Another major idea to discuss regarding the financial portion of Intrekit’s business is their 

willingness to discount their items. As described in Model F, the firm has a wide variety of 

discounts with the most common being $10 off the initial purchase and 20% off the subsequent 

order. Discounts are an excellent way to expand one’s clientele but can be a potential pitfall for 

accounting purposes. As seen in the breakeven analysis above, the model responds well to full 

price sales when calculating the contribution margin. However, the margin fluctuates significantly 
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when the various discounts are included. Additionally, the firm decided to provide free samples to 

influencers on Instagram in the effort to promote their product. Theory-wise this makes perfect 

sense: build the brand and reap the rewards. But accounting-wise this resulted in a dozen cases of 

negative hits to the balance sheet. Every free item given away is an expense of the variable cost of 

its production. So, were the free samples worth it? Intrekit had their largest sales volume ever in 

the month of February (January was the month of the most samples) and many of whom were 

drawn to the company by those influencers.  

Conclusions 

 From the analysis described above, a few main themes can be gleaned. The first main theme 

is that complexity is not always superior. In the case of the NBD models described for Nexentia, I 

feel there exists a significant learning curve for the common entrepreneur. Upper level statistical 

modeling is extremely hard to implement initially let alone continually. Going forward, a point of 

inflection is a far better position to investigate these types of models, but only when looking at a 

more customer-centric approach to data. For Nexentia, enhancement was clearly the better 

strategy. With similar analyses as the R output, a company can more accurately look at their 

customer acquisition channels. From there, they can then specifically target these segments to 

maximize their marketing efforts. 

 Another main empirical conclusion that can be drawn from this section is the idea of 

accounting diligence. As mentioned throughout this paper, being attentive to one’s book-keeping 

is crucial when making any type of financial analyses. This can start by clearly knowing the nature 

of a fixed versus a variable cost. In the case of Intrekit, variable costs were only the items that went 

directly into the making of legging or shirt. A retail bag, although 1:1 with the item it contained, 
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cannot be classified as a variable cost. Therefore, when these items were disaggregated, more 

accurate breakeven analyses could be calculated.  

 Finally, why was one method of data centralization more successful than the other? The 

reason still lies in the concept of inflection versus continuation. A firm should look to enhance 

their synergies if they are in a push for continual growth whereas a firm should be open to 

organizational change when looking towards a new frontier.   
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Conclusion 

 Looking at the two main emphases of this paper, implementation and adoption, we have 

netted a slew of interesting observations regarding the nature of startups. With future research in 

mind, an interesting application of these findings would be to do a time series analysis to see the 

results over the course of at least a year. By having a longer time horizon, even more convincing 

conclusions could be made to persuade more entrepreneurs to engage in data-centric practices.  

Additionally, theory does not always equate to empirical results. As evidenced in the high 

applicability of the NBD models, the firm remained unwilling to adopt these practices post-

consulting. However, when we consider the stage in the startup’s life cycle, whether at inflection 

or continuation, we can see the marriage between theory and application. This paper has concluded 

that data centralization is crucial to a startup’s success, but the nature of what models or formulas 

to implement is based not in their complexity, but the stage of growth.    



 

Parker 24 
 

Appendix 

 

Model A: NBD Model for 2017 for Nexentia 

 

 

Model B: NBD Model for 2018 for Nexentia 
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Model C: NBD Model for 2019 for Nexentia 

 

 

Model D: Fixed Costs for Intrekit 
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Model E: Merchant Costs, Loans, and Intrekit Fitness Club  

  

 

Model F: Variable Costs for Intrekit  
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Model G: Sales in December 2020 for Intrekit  
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Model H: Sales in January 2020 for Intrekit  

 

 

Model I: Inventory Balances by Size for Intrekit 
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