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Abstract. In this paper we perform a case study regarding Eclinical data of Intelligent MedicalObjects (IMO) which currently operates with eight pipeline statuses. It has been observed that thehigher the pipeline status, the fewer consumers there tend to be. In this study, we aim to identifywhich factors significantly influence consumer presence at these advanced pipeline stages. Logisticregression is useful for predicting binary outcomes based on one or more independent variables. Itestimates the probability of a particular outcome, allowing us to understand how different factorsimpact the likelihood of an event occurring. This method is widely used in fields like medicine,finance, and social sciences for classification problems and determining the significance of predictors,making it valuable for identifying key factors and making informed decisions based on probabilities.We apply logistic regression, using the probability of reaching the eighth status as our primarydependent variable. Of all the independent variables considered, only a select few are significant inexplaining this outcome.

1. Introduction:
An Opportunity Pipeline is a structured framework within customer relationship management(CRM) systems, such as Microsoft Dynamics CRM, that allows businesses to visualize, manage,and track potential sales opportunities through various stages of development, from initial interestto closing a sale. Each stage in the pipeline represents a step in the sales process, helping salesteams assess where each opportunity stands, prioritize leads, forecast revenue, and identify actionsneeded to advance deals [8,13,16]. This tool provides a clear overview of the sales process, enablingteams to better strategize, allocate resources, and ultimately increase the chances of successfulsales closures [7].The Opportunity Pipeline in Microsoft CRM is a tool designed to help users efficiently manage,organize, and monitor business opportunities [3]. Microsoft Dynamics CRM, a customer relationshipmanagement software developed by Microsoft, primarily targets the Sales, Marketing, and Servicesectors. However, Microsoft has also promoted Dynamics CRM as an adaptable XRM platform,
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Eur. J. Stat. 10.28924/ada/stat.5.3 2encouraging partners to customize it using its proprietary framework. Intelligent Medical ObjectsInc. (IMO) aims to increase customer engagement in the later stages of its pipeline, which consists ofeight stages: initial engagement (S1), customer follow-up (S2), T & C pricing decision (S3), contractinitiated (S4), contract negotiations (S5), alignment complete (S6), implementation initiated (S7),and implementation complete (S8). A completed implementation stage signifies a successful sale. Inour logistic regression analysis, we use the log odds of winning the sale as our dependent variable.Our independent variables include the current total dollar amount, pipeline stages, new value ofthe pipeline, changes in pipeline status, customer emails, visits, phone calls, different territories,channel group dimension ID, and product group dimension ID.In this logistic regression analysis [2], the goal is to understand what factors increase thelikelihood of winning a sale, so the log odds of a successful sale outcome is used as the dependentvariable [12]. The above independent variables are chosen since they represent critical aspectsof the sales process and customer engagement that could influence the probability of a successfulsale [23, 25]. Following are the reason of choosing each of these independent variables; first,current total dollar amount represents the financial value of each opportunity, which may correlatewith the resources and attention dedicated to that opportunity, potentially impacting success rates[21, 24, 27]. Second, each pipeline stage indicates the position of an opportunity within the salescycle, which likely affects its chances of closing; deals further along in the pipeline may have ahigher probability of conversion. Third, new value of the pipeline reflects the recent change inpotential revenue, which can indicate either growth or loss in interest or investment, potentiallyinfluencing the success probability [20]. Fourth, changes in pipeline status tracks movement throughthe pipeline, indicating the momentum of an opportunity, which may correlate with the likelihoodof reaching a final sale. Fifth, customer emails, visits, and phone calls gauge the level of customerengagement [22]. Increased communication and contact are often associated with higher customerinterest and trust, which can lead to a higher likelihood of closing the deal [19]. Sixth, geographiclocation can impact customer preferences, competition, and logistical factors, which can all influencesales outcomes. Seventh, channel group dimension ID represents the sales channel or pathway(e.g., direct sales, partners) through which the opportunity is pursued, as certain channels maybe more effective for different types of deals [15]. Finally, different product groups can vary intheir appeal, complexity, and relevance to certain customers, which can impact the probability ofa successful sale. Including these variables allows for a comprehensive analysis of factors likelyinfluencing the probability of winning a sale, helping to identify the most impactful aspects ofthe sales process [30]. The regression analysis reveals that only current total amount, pipelinestages, and total emails are statistically significant at the 1% level, while the other variables arenot significant.
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Intelligent Medical Objects operates in the competitive market of electronic medical terminolo-gies, with two primary business objectives: profit maximization and maximization of total sales.Attaining these objectives requires increasing the number of customers who successfully completeall stages of IMO’s business pipeline. This pipeline consists of eight stages, each representinga critical progression point in the customer acquisition and engagement process. Only customerswho advance through all eight stages ultimately convert to revenue-generating clients, as IMO canonly issue invoices upon a customer’s completion of the final stage. Failure to reach the eighthstage results in a lost sale, directly impacting both profit and sales volume. Given this, IMOaims to develop a predictive model to identify which factors most significantly impact a customer’slikelihood of advancing through each pipeline stage. By pinpointing these critical variables, IMOcan better understand and manage factors that contribute to customer retention and progression,ultimately aiming to increase the number of customers who reach the final pipeline stage and thusenhance overall profitability and sales outcomes.In the pipeline literature, three primary forecasting methods are commonly discussed: weightedprobability, specific account approach, and extrapolation. Weighted probability is calculated bymultiplying the probability of close by the potential revenue from a customer, where potential refersto the total amount of anticipated invoices from that customer. Specific account approach focuses ona small number of accounts, with each account having one of two outcomes: close or no close. Giventhat our dataset includes over a thousand observations, this approach is impractical for our needs.Extrapolation applies when a structured sales model is consistently effective, making revenueshighly predictable. This method takes an aggregate view of metrics such as total dollar amountand account count, projecting future values based on trends from the previous month. Since we lacka consistently effective sales model, this method is also unsuitable for our analysis. Furthermore,this type of analysis is very useful in cancer research [4, 6, 9–11,34,35]We perform a logistic regression analysis using the log odds of the probability of securing asales contract as our dependent variable. In this setup, there are eight stages within the businesspipeline. If a customer reaches stage eight, we classify this as a win and assign a value of 1;otherwise, it is labeled a loss with a value of 0. The purpose of building this model is that,with a high log odds ratio for winning, there should be an increase in customers reaching stageeight. Consequently, more customers progress through the final stages of the pipeline [29]. For ourindependent variables, we include the current total amount, pipeline stages, the new value in thepipeline, status changes within the pipeline, total number of emails, customer visits, phone calls,territories, channel group dimension ID, and product group dimension ID [31].
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The sources we are using for this analysis are tables built in IMO’s Data Warhouse, IDW,notably
• ACTIVITY_PARTY_FACT: Total numbers of emails, visits and phone calls
• CHANNEL_SALES_FACT: Channel group dimensional ID, customer dimensions
• CUSTOMER_DIM: Territory Id
• PRODUCT_GROUP_DIM_ID: Product group ID
• TERRITORY_DIM_DIM_ID: Territory number
• MSCRM.ACCOUNT_ENTITY: Name of the customers
• MSCRM.OPPORTUNITY_AUDITDETAIL_ENTITY:Old pipeline status value, new pipelinestatus value
• MSCRM.OPPORTUNITY_AUDIT_ENTITY: Action name, creation date
• MSCRM.OPPORTUNITY_ENTITY: Current state, current pipeline status, current total dol-lar amount of IMO products, action name, current opportunity status, opportunity ID, accountID, opportunity status code

3.1. Data structure: To identify the most promising opportunities for analysis, we first need to nar-row down the list from all available opportunities in Microsoft CRM. Currently, there are 28,025unique customers in the MSCRM opportunity pipeline, with many of these customers having multi-ple opportunities. Some of these customers are existing IMO clients, and their opportunities involvenew IMO products. The main reasons are as follows. First, with 28,025 customers in the pipeline,analyzing each opportunity would be time-consuming and overwhelming. By selecting only themost promising or relevant opportunities, we can focus on cases that are likely to yield significantinsights. Second, by reducing the number of opportunities we make better use of resources suchas time, budget, and analytical capacity. This helps us allocate resources to high-potential casesrather than spreading them across the entire pool. Finally, many customers have multiple opportu-nities, and some are already familiar with IMO products through previous products. By prioritizingopportunities for new IMO products or focusing on loyal customers, we can strategically targetareas with a higher likelihood of success or growth potential.Since interactions (such as calls, emails, and visits) with current customers may involve topicsunrelated to a specific opportunity, we decided to focus on customers who have only one opportunity.This way, we can assume all activities are related to that opportunity, allowing us to analyzehow these interactions impact progression through the pipeline. Out of the 28,025 customers inthe opportunity pipeline, 174 have a single opportunity and are beyond the initial S-0 pipelinestatus. We excluded customers at S-0 because they have not yet shown any movement in thepipeline, and our goal is to analyze factors that influence progression. The 174 customers with asingle opportunity had a total of 4,728 activities. In analyzing the impact of activities on pipeline
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Eur. J. Stat. 10.28924/ada/stat.5.3 5movement, it became apparent that most pipeline changes occurred on just one day. Only 24customers had pipeline status changes that took place over multiple days.The reasons for this include: first, pipeline statuses may be updated in bulk rather than gradually,so changes for a customer often occur in a single session or day [14, 32]. Second, key events ordecisions, like contract signings or demos, can prompt immediate status changes without incrementalupdates. Third, status updates might only be logged once a final decision is reached, so the pipelinestatus reflects only the outcome rather than ongoing activities. Lastly, sales teams might focus onhigh-potential opportunities, concentrating their efforts on a single day to drive the opportunityforward [33]. These factors indicate that activities often cluster around critical points of change,meaning day-by-day analysis may not fully capture their impact on pipeline progression.In R, a matrix was generated to assess the correlation between three variables: Current PipelineStatus, Total Activity, and Total Days in Pipeline. Current Pipeline Status represents the numericalstatus assigned to each customer in the pipeline [28]. Total Activity is the combined number of allphone calls, emails, and visits made while the customer was in the pipeline. Total Days in Pipelinereflects the total number of days the customer has spent in the pipeline. The results are shownbelow.
Table 1. Correlation Matrix

Current pipeline status Total activity Total days in pipelineCurrent pipeline status 1Total activity 0.1236959 1Total days in pipeline 0.2543786 -0.01152157 1
The matrix (1) shows that there is no significant correlation between these three variables.

3.2. Variable selection: In our logistic regression analysis, we use the log odds of securing a salescontract as the dependent variable. This choice stems from the fact that a higher log odds ratioreflects a greater number of customers advancing to the later stages of the sales pipeline, whichaligns with our analysis goal [1]. We assign the current variable a value of either 0 or 1, where 1indicates the contract has been won. Therefore, our objective is to have more instances of 1 than0 in the results. Let Y be a binary response with probabilities P (Y = 1|X = x) = p(x) and
P (Y = 0|X = x) = 1− p(x). The probability density function can be written as

fY |X(y |x) = [p(x)]y [1− p(x)]1−y = exp
{
yλ(x)− ln [1 + exp{λ(x)}]

}
,

such that λ(x) = ln{p(x)/[1 − p(x)]} is the logit function. This is a special case of penalizedlikelihood [5]. Figure 1 provides a simulation of a logistic regression where the red lines stand forupper and lower 95% confidence intervals, respectively.
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Figure 1. Simulation of a logistic regression.

Having a higher number of 1s is crucial for our analysis as it helps identify the factors that influ-ence the success of winning sales contracts. First, by concentrating on instances where contractsare won (1s), the model can better understand the key drivers of success in the sales pipeline.This understanding aids in predicting and replicating those factors that lead to favorable outcomes.Second, the aim of the analysis is to move more customers to the later stages of the pipeline, andhaving more 1s allows us to pinpoint the characteristics that distinguish successful cases. Thisfocus helps in identifying the variables most associated with pipeline progression. Lastly, a higherfrequency of 1s strengthens the model’s ability to predict future contract wins [26]. Since logisticregression relies on patterns in the outcome variable, a larger number of positive outcomes allowsthe model to learn and generalize more effectively. Ultimately, a greater number of 1s enablesa more focused analysis of the success factors, making the findings more actionable for achievingbusiness objectives.The first independent variable we consider is current total dollar amount, which represents thevalue of IMO products ordered by a customer. A higher value indicates that the customer hasplaced a larger order, leading to a higher invoice. Another possibility is that the customer isparticularly large, such as a large hospital or clinic. If more of these large customers are placingsubstantial orders, it could suggest that IMO products have gained a solid reputation, encouragingmore customers to make purchases. This, in turn, could result in a greater number of customersadvancing to the later stages of the pipeline. The second variable we use is pipeline status. Asmentioned earlier, there are eight stages, and we assign a number from 1 to 8 to represent eachstage. The main reason for including this variable is that a customer in a higher pipeline stage has
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Eur. J. Stat. 10.28924/ada/stat.5.3 7a greater likelihood of winning the contract compared to a customer in a lower stage. Consequently,the movement of this variable and the dependent variable follow the same direction.The third independent variable we use is new pipeline status value, which represents the currentposition of a customer in the business pipeline. A customer in a higher stage of the pipeline is morelikely to win the contract. We also consider difference in status as an independent variable, whichis the change between the new and old pipeline status values. A larger difference indicates thata customer is progressing quickly through the pipeline. Moreover, a greater difference in status isassociated with a higher probability of winning the contract. The next independent variables weconsider are three types of customer activities: email, visits, and phone calls. An increase in thetotal number of any of these activities suggests that the customer may be more interested in IMOproducts, which could ultimately lead to winning the contract. Of these three activities, email isthe least costly and most time-efficient, as visits may incur additional transportation expenses, andphone calls can involve waiting times or situations where the business executive may not answer [18].In contrast, emails do not have these limitations. Later in this report, we will demonstrate thatemails are actually the most significant activity of the three.The last three independent variables we examine are territory ID, Channel group dimensional ID,and product group ID. The primary reason for including territory ID is to assess whether locationplays an important role. For instance, if a customer is located far away, visiting them would becostly. However, if the customer is nearby, visits are more feasible. If the customer frequently usesthe Internet, location may not be as significant. In our analysis, we found that location does nothave a significant impact on winning the business contract. Lastly, we explore whether the channel,IMO products, or both are factors that influence the likelihood of securing a sales contract.
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Figure 2. In horizontal axis 1 stands for the contract has been won, 0 otherwise.
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Eur. J. Stat. 10.28924/ada/stat.5.3 8Since we use the probability of winning the contract as the main dependent variable in ourlogistic regression, we assign the values 1 and 0 to current status to indicate whether the contractwas won or not. For the independent variables, such as opportunity status code, old pipeline status
value, new pipeline status value, channel group dimensional ID, and product group ID, we assignnumerical values starting from 1, creating a set of categorical variables. To obtain the total numberof emails, we first construct a set of categorical variables with values 0 and 1 for activity type,focusing on the specific category of email. We then sum all the 1s in this category. Similarly, wecompute the total number of visits and phone calls using the same method.In Figure (2), we show the probability of a customer winning the business contract compared tobeing in any other stage of the pipeline. The chance of winning the contract is nearly 60%, whilethe probability of being in any status other than won is around 40%. This clearly shows that lessthan 40% of the customers in the pipeline fail to reach the final stage. This is positive for IMO,as it indicates a higher proportion of customers are successfully completing contracts, which couldlead to increased revenue from selling IMO products.

Figure 3. Histograms of all and current stages of business pipeline status
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(a) Probability histogram of eight stages
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(b) Probability histogram of current statusonly
In the previous section, we examined the behavior of the dependent variable without consideringthe effects of the explanatory variables in our logistic regression. Now, we will explore the explana-tory variables and discuss how they influence the probability of winning the business contract. InFigure 3, we present the probability histogram for two key explanatory variables: different stagesof the opportunity pipeline and current status (referred to as the “new value code" in the data) of
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Eur. J. Stat. 10.28924/ada/stat.5.3 9the customer in the pipeline. The vertical axis represents the probabilities, which correspond tothe relative frequencies.If we focus on panel (4a) of Figure (3), we observe that the probability at stage 1 is around0.10, and it decreases to 0.059 at the second stage. This makes sense, as after initial engagement,some customers may not continue, leading to a higher rejection rate, especially given that the totalnumber of customers in this stage is the highest. The probability begins to increase as we movethrough the stages, peaking at 0.20 in stage seven (i.e., implementation initiated). However, atthe final stage (i.e., implementation complete), the probability drops to around 0.05, which is verysimilar to the probability value of stage two.In contrast, panel (4b) of Figure (3) clearly shows a declining trend in the probability of variouspipeline statuses until stage nine, after which it abruptly increases to 0.125. This value is nearlythe same as that of stage four in the pipeline status. Comparing these two panels of Figure (3), weobserve two different trends: over time, the probability of different statuses increases, whereas inthe current time period, the probability trend is rising. These results move in opposite directions. Tofurther investigate this issue, we examine the difference between the previous and current statusesof a customer in the business pipeline, as shown in Figure (5).
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Figure 5. Difference in status with probabilities; negative values represent cus-tomers’ backward movement.
In Figure (5), the horizontal axis represents the differences in status, while the vertical axis showsthe corresponding probabilities. The status difference is obtained by subtracting the old value codefrom the new value code, where these two codes represent the previous and current statuses. Weobserve that a status difference of 1 has the highest probability, close to 0.7, indicating that existing
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Eur. J. Stat. 10.28924/ada/stat.5.3 10customers are most likely to move one step forward in the business pipeline. The second highestprobability, around 0.24, corresponds to staying in the same status (i.e., a difference of zero).This suggests that most IMO customers are risk averse, preferring to remain at the same stage orprogress only slightly rather than finalizing a sales contract. The status difference of 10 shows thethird highest probability, around 0.05. Additionally, there are very low probabilities for backwardmovement, corresponding to differences of -3 and -1, which indicates that a small proportion ofcustomers have moved three stages backward. However, a one-step backward movement is morelikely than a three-step backward movement, as evidenced in the figure.
Figure 6. Histograms of effect of explanatory variables on winning the contract
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(a) Dependent variable gets affected by to-tal amount and opportunity status.
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Finally, we want to discuss the effects of explanatory variables affect our primary dependentvariable. In panel 7a of figure 6 we take only total amount and opportunity status in the businesspipeline. Blue and red bars represent the effects corresponding to total amount and opportunity

status, respectively. If we look carefully we observe that, both the variables have same effect of thewinning probability sales pipeline. The effective probability from total amount is 0.004 whetherthe effective probability from opportunity status is lower. If we compare this result with figure 2we can see different types of effects. In figure 2 the probability of winning (corresponding to 1) acontract is higher than the rest of the opportunity statuses while panel 7a indicates two importantexplanatory variables in our case have same effect in explaining winning of a contract. Moreover,adding the variable total number of emails like in panel 7b leads to more effectiveness of the third
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Eur. J. Stat. 10.28924/ada/stat.5.3 11variable. Apart from these three variables we are not able to find another variable which canexplain the dependent variable.From the analysis above, it appears that there may be other significant variables not present inthe database. One factor that intuitively stands out is the communication skills of the salesperson.It is well-understood that a businessperson with poor communication skills is unlikely to succeed,while someone with a polite and modest demeanor can still thrive, even if their product is not thebest [17]. In our case, one possible missing factor might be the years of experience of the salesexecutives. Another key factor could be the frequency with which IMO introduces new technologiesin medical terminology. Currently, IMO is transitioning from IMO1 to IMO2. While this newtechnology is more user-friendly, the challenge may arise on the consumer side. Implementationand training require time and resources, which could result in losing some customers due to theadoption of new technology. In the following sections, we will conduct more advanced statisticalanalysis to identify significant variables.
4. Model

In our case the dependent variable is current pipeline status. Furthermore, if the customer winsthe sales deal then we give 1 and 0 otherwise. Therefore, i our case
logit pj = loge oj = loge

(
Pj(Y = 1)

1− Pj(Y = 1)

)
= x′ fi, ∀ j = 1, 2, ..., 1024 (1)

where oj is defined as odds ratio, Pj(Y = 1) is the probability of j th customer to win the salescontract, x is a matrix of (11 × 1024) dimension and fi is a (11 × 1) vector of coefficients. Theodds can vary on a scale of (0,∞), so the log odds can vary on the scale of (−∞,∞). For a realvalued explanatory variable xi j , the intuition here is that a unit additive change in the value of thevariable should change the odds by a constant multiplicative amount. Exponentiating, the equation(1) is equivalent to,
e logit pj = eβ0+β1 x1j+β2 x2j+...+β10 x10j , ∀ j = 1, 2, ..., 1024

oj =
Pj
1− Pj

= eβ0 eβ1 x1j eβ2 x2j eβ3 x3j ... eβ10 x10j , ∀ j = 1, 2, ..., 1024. (2)
We can convert freely between probability Pj and odds oj for an event of the j th customer versusits complement as oj = Pj (1 − Pj)−1 and Pj = oj (oj + 1)−1. We also know that the inverse ofthe logit function is logistic function.

The odds ratio in equation (2) represents the likelihood of an event occurring when only twooutcomes are considered. For the j th customer, the probability of winning a contract is denoted as
Pj or Pj(Y = 1). Conversely, 1 − Pj(Y = 1) represents the probability of losing the contract. If
oj < 1, then losing the contract (i.e., 1 − Pj(Y = 1)) is more likely. If oj > 1, then winning thecontract (i.e., Pj(Y = 1)) is more likely. Lastly, if oj = 1, then winning and losing the contract
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Eur. J. Stat. 10.28924/ada/stat.5.3 12are equally likely. In essence, the odds ratio reflects how the odds of an event change based onanother factor, specifically by comparing the odds in one scenario to those in a different scenario.
The inverse of the logit function is logistic function. For j th individual customer if logit(Pj) = zj ,then

Pj =
ezj

1 + ezj
.

The logistic function will map any value of the right hand side (zj ) to a proportional value between0 and 1. The explanatory variables used in the logistic regression is as follows:
• x1j= Current total amount of IMO products
• x2j= Current opportunity status
• x3j= New pipeline status value
• x4j= Difference in pipeline status (obtained by subtracting old pipeline status value fromnew value)
• x5j= Total number of emails
• x6j= Total number of visits
• x7j= Total number of phone calls
• x8j= Territory number
• x9j= Channel group dimensional ID and,
• x10j= Product group IDSince the dependent variable is the natural logarithm of the odds, the interpretation of eachcomponent differs from that in simple linear regression. For instance, the interpretation of β1j isthat if the current total amount increases by one unit, the natural log of the odds will change by

β1j units.
5. Results:

In this section, we discuss the results from the logistic regression. P-values highlighted in boldin table (2) represent explanatory variables that are significant at the 0.001 level. Out of the tenexplanatory variables, Current total amount of IMO products, new pipeline status value, and totalnumber of phone calls are negatively correlated with the natural log of the odds of winning the salescontract. Notably, Current total amount of IMO products is significant at the 0.1% level, which issurprising. This suggests that customers with larger order volumes are less likely to have favorablelog odds of winning the sales contract. One possible explanation is that they may prefer to focuson larger companies rather than IMO. This implies that customers with smaller sales volumes aremore likely to progress through all eight pipeline stages. Although new pipeline status value andtotal number of phone calls also have negative coefficients, they are not significant at the 0.01%level.
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Eur. J. Stat. 10.28924/ada/stat.5.3 13In table (2), we observe that only current total amount of IMO products, current opportunitystatus, and total number of emails are significant at the 0.001 level. Both current opportunitystatus and total number of emails have positive coefficients in explaining the log odds of winningthe sales contract. The positive significance of current opportunity status indicates that as acustomer progresses to higher stages in the pipeline, their probability of winning the sales contractincreases significantly. This means, for example, that a customer at stage 7 is more likely to finalizethe contract than a customer at stage 4.Total number of emails is another positively significant explanatory variable. This suggests thatthe more a customer emails, the more likely they are to complete all the stages of the businesspipeline. It is the only activity type that shows significance. One possible reason for this couldbe that when a customer emails IMO, the sales executive typically responds with helpful links thatprovide detailed information about current activities. In contrast, if the customer were to call IMO,the information might not be as clear or detailed as it would be through email.
Table 2. Logistic regression results

Coefficients Estimated value (β̂) Standard error P-valueIntercept -6.7470 0.9259 3.19× 10−13Current total amount -2.912× 10−5 6.446× 10−6 6.27× 10−6of IMO productsCurrent opportunity status 1.2440 0.1218 < 2× 10−16New pipeline status value -9.997× 10−2 7.865× 10−2 0.2037Difference in pipeline -0.1420 0.2446 0.5616Total number of emails 0.01397 2.343× 10−3 2.51× 10−9Total number of visits 0.04311 0.02932 0.1415Total number of phone calls -0.05183 0.07644 0.4977Territory number 1.861× 10−3 9.767× 10−4 0.0567Channel group dim ID 0.0183 0.05686 0.7476Product group ID 0.0874 0.04789 0.0678
Finally, the insignificance of total number of visits helps explain the significance of total numberof emails. Frequent visits incur higher transportation costs, which become more significant if thecustomer lives far from IMO. In this case, the customer is more likely to prefer emailing rather thanvisiting in person. The lack of significance of total number of visits further suggests that locationplays a role in explaining the log odds of winning the sales contract. Another supporting piece ofevidence is the insignificance of territory number.
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The biggest challenge in this project is the lack of knowledge about MSCRM. Analyzing thedata often raises more questions than it answers. The process by which a customer moves throughthe pipeline and how these movements are logged is unclear. In some instances, customers exhibitbackward movement, and it is impossible to determine if this is valid or not. Additionally, there areinstances where a customer’s pipeline status is set to null. There is no documentation explainingwhat a null pipeline status means or why a customer would have one. Furthermore, there areinstances where customers seem to skip levels, showing a status higher than their previous onewithout any evidence that they went through the intervening stages. Another issue is that thepipeline status dimension table contains two values for each status, with no explanation for themultiple options.These problems with pipeline movement are compounded by the fact that most movements arerecorded on a single date for each customer. Like the previous issue, there is no documentationexplaining why this occurs, which raises doubts about the accuracy of the data or whether allmovements are incorrectly attributed to one date. With only one date per customer, linking activitydates to pipeline movement dates becomes very challenging. More accurate analysis of pipelinemovement would be possible with finer-grained date tracking.When linking activities to pipeline movements, it appears that most movements are either randomor driven by factors unrelated to the documented activities in CRM. The sample size used in thisproject was small, so a next step could involve analyzing whether there is any relationship betweenactivity and pipeline movement when considering the entire customer base in the opportunitypipeline.To advance this project, further research into MSCRM and how data is transferred to the SQLservers is necessary. Sometimes, it seems that certain information is not correctly logged intoSQL, or if the data is correct, it is difficult to interpret. Adding more variables to the datasetcould improve the analysis, such as demographic information (territory, number of beds, number ofclinicians, etc.), details about the salesperson, or additional MSCRM variables that we do not yethave definitions for but may significantly affect pipeline movement.
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