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1. Introduction 
Customer Relationship Management (CRM) systems have been the main tools for companies not only to engage with their existing 

customers but also to reach out to potential ones. At first, these tools were simply for saving customer information and keeping track of 

interactions. These days, they have become the primary instruments for selling, marketing, and providing customer service support. 

Most CRM systems, however, still perform mostly in a passive mode, i.e. use mainly historical data and do not anticipate customer needs. 

In an extremely competitive and highly data-driven business environment of today, this definitely became a significant disadvantage. 

Businesses are now required to provide a personalized experience, respond to customer behavior quickly and make decisions based on 

real-time information. With this shift predictive analytics in CRM has gained importance as it enables companies to move beyond mere 

data storage and make use of smart, future-oriented strategies. 

 

Integrating predictive analytics with CRM is not only an improvement but a radical change in customer data utilization. Through 

data mining, machine learning, and statistical modeling, organizations today are able to uncover hidden patterns and trends buried in 
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large datasets. With this insight, companies are able to predict customer behavior, identify the most promising leads, and even take steps 

to prevent customer churn, for example. In this respect, CRM platforms have transformed from simple execution tools to highly effective 

resources that spur growth and innovation. This part of the book will also reveal the weaknesses of the traditional CRM framework, the 

biggest challenges in handling customer data that enterprises are experiencing, and the main catalyst for moving to predictive analytics. 

 

1.1. Challenges in Traditional CRM Systems 

Today, traditional CRM systems are facing a number of problems that make them less suitable for the fast-changing business 

environment. Data silos and fragmentation are one of the biggest problems. Customer information is usually kept in separate systems 

such as sales, marketing, and customer service platforms, which leads to inconsistencies and a lack of a single customer view. This 

fragmentation prevents companies from getting a full understanding of their customers' behaviors and preferences. 

 

Furthermore, many of the conventional CRM systems do not provide live data. Most of these systems are based on batch 

processing and their updates are not regular; hence, decision-makers usually refer to stale data. However, customer demands are 

evolving continuously in a rapidly changing environment, so such lag may lead to a company losing customers and being unable to 

respond swiftly. Besides, support for traditional CRM applications is more focused on behind the scenes, but they only look at what has 

happened and not what is going to happen. Or in other words, companies use past data to determine what happened rather than trying 

to predict what will happen. 

 

Anyway, such limitations in the end will cause customer loyalty strategies to be poor. For example, without AI-driven predictive 

analytics businesses would be at a loss in spotting dissatisfaction or the desire-of-leaving signs of a customer unconsciously. As a result, 

their customer retention initiatives will most probably be a lot of effort and very late. In addition, problems with the quality of data and 

system integration are among the reasons the CRM system doesn't function effortlessly. Wrong, lacking, or varying data will almost 

definitely lead to making bad decisions and thus, unhappy customers and poor results for the business. Actually, it's a good method to 

demonstrate the importance of an upgraded, well-integrated, and predictive type of customer relationship management. 

 

1.2. Problem Statement 

Notwithstanding the massive number of detailed user data points gathered through online engagements, a great proportion of 

companies fall short of employing such data wisely to yield tangible and significant results. The root cause lies in the fact that most 

standard CRM software systems lack the capability to handle very large data sets efficiently in the processing and analyzing tasks. With 

organizations generating data from various sources such as web portals, social media platforms, mobile applications, and customer 

support services, at the same time, the complexity and volume of data are on the rise. Conventional CRM systems are geared primarily 

towards straightforward data holding and reporting, and sometimes, they may not be even able to handle such sophisticated data. 

 

One more major issue is how little these systems can predict things. The majority of older CRM software emphasize on descriptive 

analytics, just telling you what happened in the past rather than what is going to happen. Such a restriction creates a very large gap 

between gathering data and getting useful information to act upon. Companies may have customer data in great quantity but, without 

sophisticated analytical instruments, they are unable to convert this data into strategies that increase customer interaction and improve 

business results. 

 

1.3. Motivation 

One of the reasons for the increase in demand for sophisticated CRM features is the top driver of the factors the whole list is 

about. The first one is the increasing competition across the board. In a situation where customers can easily access multiple options, 

the only way for a company to stand out from the pack is to offer such a high level of customization as well as relevance that it would be 

in aegis with the most fine and well targeted experiences. In fact, it is a recognition of the customers' rights on each organization to be 

really aware of the individuals' preferences and to be able to foresee their needs that led to the fact that the personalization ended up 

being a mere survival tool for a company rather than a mere weapon of competition. 

 

The second driver is the evolution of big data and AI technologies, which have tremendously increased the scope of CRM. 

Nowadays with the help of advanced technologies, a company can stand the velocity, volume, and variety of data and can even thrive in 

the new reality of real-time decision making. One of the most important contributing factors to this change is the use of computers to 

machine learning which lead to algorithms that can in a short time compared to traditional methods find patterns and trends that the 
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human eye did not even get to see. In fact, this descent of predictive analytics from the ivory tower into the realm of reality relied heavily 

on the said technological progress. 

 

2. Literature Review 
2.1. Evolution of CRM and the Role of Data Mining and Machine Learning 

Customer Relationship Management (CRM) has changed a lot since the first systems mainly just kept records. Now it is a very 

complex, data-driven kind of platform. At first, CRM was mainly about operations automating the business processes like sales force 

automation, customer service management, and marketing campaigns. These Operational CRM systems were designed to support day-

to-day customer interactions, help improve efficiency, and keep customer data well-organized. They were good at managing routine 

tasks but didn't have much capability to produce strategic insights from all the data that was gathered. 

 

Meanwhile, as companies started to see the benefits of customer data, Analytical CRM came as a new and better way. Analytical 

CRM is aimed at using customer data for decision-making. It employs things like data warehousing, online analytical processing (OLAP), 

and reporting systems to uncover customer behavior patterns. This change of focus meant going further than just managing customer 

interactions to understanding them. However, Analytical CRM, even at its best, is still mostly dependent on the past data and the facts 

about the present and therefore, it is quite limited in predicting future trends. 

 

Collaborative CRM is the next stage of CRM that facilitates better communication and sharing of information among different 

departments and channels. It merges the data coming from the various contact points such as social media, customer support, and sales 

interactions to create a single image of the customer. Collaborative CRM is not only able to deliver consistent communication to the 

customer at all times but also well-coordinated communication in the customer's experience. Even with all these enhancements, 

traditional CRM methods still face challenges in using data to make predictions and decisions proactively. 

 

Bringing data mining and machine learning together in a single CRM system has opened up a whole new world of possibilities 

that CRM systems can offer and significantly changed the way businesses can interact with their customers. Data mining provides 

businesses with a tool to uncover patterns and hidden connections among their customers using large databases. Among the data mining 

methods that enable businesses to uncover customer behavior at a much deeper level are association rule mining, clustering, 

classification, and anomaly detection. For instance, association rules can figure out what products are most often bought together, and 

clustering can separate customers into groups based on the similarities of their features. 

 

Machine learning allows CRM to make big strides by enabling the systems to learn from data and improve themselves over time 

even without explicit programming which is a tedious and time-consuming activity. Decision trees, support vector machines, and neural 

networks are some of the most widespread supervised learning methods used most extensively for predicting various outcomes including 

customer churn and sales. At the same time, unsupervised methods such as k-means clustering help unveil hidden customer segments. 

Also, reinforcement learning is gradually being recognized as a way of maximizing customer interaction strategies in real time. 

 

By working together, data mining and ML transform CRM from a simple support system into a sort of intelligent system capable 

of generating insights that result in tangible actions. With the help of these two tools, businesses no longer just tell a story about their 

performance but also predict and prescribe the future, work so making their decisions in a more confident, proactive and efficient 

manner. The net result is great customer experience, strengthened customer loyalty, and more effective marketing. 

 

2.2. Predictive Models, Applications in CRM, and Research Gaps 

Predictive analytics is the driving force of leading CRM systems and helps companies predict what customers will do and make 

decisions based on data. Different types of predictive models such as classification, regression, and clustering have been long studied and 

started to be used in CRM discussions. Classification models are aimed at splitting customers into known groups, for example, deciding 

whether a customer is expected to stop transacting with the company or not. The models most commonly used for that, due to their 

being quite accurate and easy to understand, include logistic regression, decision trees, random forests, and support vector machines. 

 

On the other hand, regression models are targeted at the prediction of continuous factors, e.g., the value of a customer over time 

or the amount of a purchase in the future. Linear regression and its variations, along with more sophisticated methods such as gradient 
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boosting and neural networks, have all been used to predict these parameters quite well. These tools enable businesses to direct their 

efforts better by discovering customers that bring in the most money and forecasting revenues that will be generated in the future. 

 

Clustering methods allow us to group customers based on similar behaviors, preferences or demographics. For example using k-

means clustering, hierarchical clustering, and density-based clustering methods a business might formulate several marketing strategies 

targeted at different segments of customers. After pinpointing distinct characteristics in each group, it becomes more feasible for a brand 

to offer tailored items and promotional content that direct to the exact requirements of the customers. 

 

Numerous research papers have looked into the various ways predictive analytics has been harnessed in customer relationship 

management (CRM). Customer churn and recommendation systems are two areas where it has been used significantly. Customer churn 

is a topic that has attracted the most attention because it is well known that it is less expensive to keep the existing customers than to 

get new ones. To identify clues of customer churn, researchers have employed different machine learning techniques so that businesses 

would be able to execute customer retention strategies in a timely manner. On the other hand, recommendation systems are a very 

significant part of CRM, as they offer customers customized suggestions of products or services by studying their preferences and past 

behaviors. Various methods like collaborative filtering, content-based filtering, and hybrid models have been widely implemented in this 

sector. 

 

3. Proposed Methodology 
The study has used a very rigid and well-documented structure to make sure that the incorporation of the predictive analytics in 

the Customer Relationship Management (CRM) systems is a line-to-line task harmonization and systematic process. Thus, the research 

converts the raw data about the customers to the useful information through the data processing, machine learning models, and the use 

of various techniques for performance comparison. The method that has been taken up by the paper aims at creating the set of the 

prediction tools that will increase the knowledge about the customers, help to make better decisions, and be a guide to the changes-

oriented business plan. 

 

3.1. Research Design and Framework 

The study is based on a quantitative and experimental design. The main goal is to create and test predictive models through the 

analysis of the past customer data. The work process includes several steps such as obtaining data, preparing data, figuring out features, 

building, verifying, and assessing a model. The introduction of the idea of the model here talks about the pipeline which is a series of 

stages each one producing some input for the next stage thereby producing a line from raw data to getting insights. 

 

We use a comparative modeling approach in our research that involves implementing and evaluating different machine learning 

algorithms to identify the best-performing model for CRM tasks like churn prediction and customer segmentation. Using this framework 

not only guarantees robust models but also enables an extensive study of the models' effectiveness. 

 

 
Figure 1. Proposed Predictive CRM Framework 

3.2. Data Collection Methods 
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In fact, data collection is probably the key factor in the creation of a highly successful predictive CRM system. The authors of this 

paper heavily rely on different kinds of data, i.e. both primary and secondary data sources.As an illustration, secondary data can be 

derived from public sources, such as customer transaction records, telecom churn datasets, or e-commerce customer behavior 

datasets.Generally, these datasets include variables like customer demographics, purchase history, interaction frequency, and service 

usage patterns. 

 

CRM systems, surveys, or customer interaction logs, etc. are some of the facilities with which primary data may be collected, depending 

on what is available. Some sources of data can be: 

 CRM databases (customer profiles, storing the history of transactions) 

 Logs of web and mobile interactions 

 Data of social media engagement 

 Records of customer support and service 

Collected data is first arranged and kept in a single repository, which ensures smooth access and standardization for future uses. 

 

3.3. Data Preprocessing Techniques 

Raw data is pretty much a mess. It can have lots of inconsistencies, gaps or be just plain noisy all of these can mess up how well your 

model does. So turning data prep first is really a must if only to get a handle on the data and make it dependable. The preprocessing 

techniques that we use include: 

 Data Cleaning: We fill in the missing values by the methods of imputing, like when we use mean, median or mode replacement. 

Besides that, we also get rid of the duplicate records. 

 Data Transformation: In order to make the categorical variables computationally treatable, we take them to a numerical form 

via encoding techniques, for instance, one-hot encoding or label encoding. 

 Normalization and Scaling: We use tools like Min-Max scaling or standardization to make sure that the features are uniform. 

 Outlier Detection: We recognize and deal with extreme values by means of statistical techniques like Z-score or IQR. 

 

By doing so, we get a clean and well-organized dataset fit for machine learning models. 

 

Table 1. Data Preprocessing Techniques 
Technique Description Purpose 

Data Cleaning Handling missing & duplicate values Improve data quality 

Data Transformation Encoding categorical variables Model compatibility 

Normalization/Scaling Standardizing feature values Improve model performance 

Outlier Detection Identifying extreme values Reduce noise and bias 

 

3.4. Feature Selection and Engineering 

Feature selection and feature engineering are two methods that can help a model to both and perform better and be faster. Feature 

selection is about choosing features that will be most helpful for prediction. Some of the techniques used to select important features 

include correlation analysis, chi-square tests, and recursive feature elimination (RFE). 

 

With feature engineering, you make new features that may be more informative for the task at hand based on the old ones. Here are a 

few examples: 

 Customer lifetime value (CLV) 

 Recency, Frequency, Monetary (RFM) metrics 

 Engagement scores based on interaction frequency 

 Behavioral indicators such as purchase trends 

These new features allow models to ''see deeper'' into the customer behavior which results in better performance. 

 

3.5. Predictive Models Used 

The research introduces a variety of machine learning tools to understand and forecast customer behavior: 

 Logistic Regression: Mainly a churn prediction tool. It is very easy to understand and is the baseline model. 
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 Random Forest: A way of ensemble learning which is an excellent tool it helps you decide the best one accuracy wise by 

combining a bunch of decision trees. Besides that, it is good at handling huge datasets and finding complicated relationships. 

 Neural Networks :  The types of deep learning models that can detect very complex and non-linear structures in the data. With 

such models, big CRM data can be handled very well. 

 

For a fair comparison, the same dataset is used for both training and testing each model. 

 

3.6. Model Training and Validation 

The dataset is typically split into two parts, training and testing, with an 80:20 ratio generally being used. The model is prepared 

using the training set, and its performance is then checked through the testing set. To make the model reliable and avoid model 

overfitting, cross-validation to be specific, one of the methods like k-fold cross-validation, is implemented. 

 

Methods such as grid search or random search are used for the tuning hyperparameters. This stage guarantees that the models 

reach the highest precision and the best ability to act in a new, unseen environment. 

 

3.7. Evaluation Metrics 

Many important metrics can assist us in measuring the effectiveness of models that make predictions: 

 Accuracy: Simply put, it tells you how often your predictions were correct in general. 

 Precision: Out of all the really positive cases what percent of the predicted positive cases were actually positive. 

 Recall: The ability of the model to identify all the real positive cases. 

 F1-Score: is a number that takes into account both precision and recall and is a measure of how well both have been balanced. 

 

On the whole, these statistics give us almost all that we require to judge the performance of a model, particularly for tasks 

involving classification, such as forecasting customer churn. 

 

4. Case Study 
This case study is a simple demonstration of how predictive analytics could be embedded into a Customer Relationship 

Management system (CRM) with the help of a telecom-inspired dataset. We chose telecom as the subject of our case study because the 

sector is highly competitive and customer-focused which makes it an ideal playground for trying out predictive CRM methods. Datasets 

used for this study are very much like those public datasets on telecom churn which contain customer demographic info, service usage, 

billing, and interaction history. Some of the major features in the dataset are customer tenure, monthly charges, contract type, internet 

service usage, payment methods, and customer support interactions. These will not only help understand the customer behavior but will 

also be quite handy for building predictive models. 

 

In terms of business problems, the main issue brought up in the case study was customer churn which is when customers stop 

using the service or product. High churn results in loss of revenue and increase in the cost of customer acquisition. With old-school CRM 

systems, the organization could only keep a record of past customer interactions and produce static reports, which were not enough for 

the identification of customers who may potentially churn. Consequently, the company was unable to roll out retention strategies in time 

and was struggling to hold on to customer relationships for the long term. 

 

Predictive analytics was integrated in the CRM system to help identify customers who might churn in the future. The main work 

of the project was centered around extracting data from the CRM system. These were the data preparation steps: locating and filling in 

missing data, changing categorical variables to numbers, and standardizing numerical variables. Customers were segmented by tenure, 

while average monthly spending and service usage intensity were determined using feature engineering techniques. These new 

characteristics led to an improvement in the predictive models' performance. 

 

Logistic Regression, Random Forest, and Neural Networks are examples of machine learning algorithms that have been used to 

model the probability that a customer will churn. Since it is very easy to understand and interpret, Logistic Regression was the very first 

model to be tried, and it served as a baseline model. However, Random Forest was physically able to detect more hidden features of the 

data and thereby outperform the Logistic Regression model. Actually, Neural Networks are capable of modeling very complicated 

relationships in very large tables. The data were divided into two parts: one for building models and one for testing models. Unit tests 
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of different types (cross-validation) were performed to measure the dependability of the models. Model parameters were changed 

(hyperparameter tuning) to get the best possible results. 

 

Python was chosen as the main programming language. Libraries such as Pandas for data manipulation, NumPy for numerical 

operations, Scikit-learn for machine learning models, and Matplotlib/Seaborn for visualization were used. Churn prediction and 

customer risk score features of the predictive models were displayed to the business users real-time that was enabled through their 

integration into a CRM dashboard. As a result, marketing and customer service personnel could then administer preemptive measures 

through actions such as provision of attractive offers, personalized communication, and service enhancements. 

 

Table 2. Tools and Technologies Used in Implementation 
Tool/Technology Category Purpose 

Python Programming Data processing and model development 

Pandas & NumPy Data Processing Data manipulation and numerical analysis 

Scikit-learn Machine Learning Model implementation and evaluation 

Matplotlib/Seaborn Visualization Data visualization and insights 

CRM Platform System Platform Customer data storage and integration 

Jupyter Notebook Development Tool Experimentation and model testing 
 

During the implementation phase a number of important discoveries were made. Firstly, the quality of data turned out to be the 

major contributor to the success of the model. The availability of only a small part of the whole data or the presence of contradictory 

data made the preprocessing stage very lengthy and difficult. This demonstrated the need for constant cleaning and organizing of the 

CRM databases. Secondly, feature engineering played a huge role in boosting the accuracy of predictions. Adding new derived features 

such as the number of times a customer has interacted with the company and segmenting customers on the basis of their tenure has 

greatly enriched the information base far beyond the mere raw data. 

 

Another significant discovery was the issue of “trade off” between model complexity and interpretability. Although Neural 

Networks gave a little better performance, it was greatly helpful to explain and interpret the Logistic Regression and Random Forest 

models to business stakeholders. This understanding is very crucial in CRM implementation because decision makers need to 

comprehend prediction mechanisms. 

 

In addition, besides the fact that it was very complicated to technically implement predictive analytics in the existing CRM system 

mainly because of difficulties in the synchronization of data and processing in real-time, the on-the-fly solution after the implementation 

has demonstrated its potential by effectively helping in customer retention besides other advantages like better targeted marketing and 

enhanced decision-making. 

 

To sum up, this case study shows that predictive analytics can turn old CRM systems into very interactive and intelligent 

platforms. Machine learning tools, combined with their regular use in business processes, allow companies to not only predict customer 

behavior but also to prevent customer attrition and gain better positioning in the market. 

 

5. Results and Discussion 
5.1. Model Performance Comparison 

The effectiveness of the predictive models was measured using widely recognized classification metrics such as accuracy, 

precision, recall, and F1-score. In this study, three types of models were adopted which include Logistic Regression, Random Forest, and 

Neural Networks. Each model was capable of showing varying extents of success based on the complexity of the data and types of 

consumer behavior    patterns. 

 

The accuracies of predictive models were assessed by their performance metrics for classification foreseeable as accuracy, 

precision, recall, and F1-score. This paper got inspired by three kinds of mathematical models that include Logistic Regression, Random 

Forest, and Neural Networks. Each separate model was able to give different degrees of success depending upon the data's intricacy and 

the consumer behavior types patterns. At first, the Logistic Regression was the benchmark model. It was not only exact but also very 
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understandable. Due to its linear form, it could very well represent the linear dependency among variables like tenure and churn 

probability. On the other hand, it failed to identify complex non-linear patterns that existed in the customer data. 

 

Random Forest performed better than Logistic Regression in a majority of the metrics used for evaluation. Being an ensemble 

method, it could not only deal with very high-dimensional data but also detect quite complex variable interactions. Besides that, it really 

upped its precision as well as recall, so it is potentially one of the best methods for figuring out which customers may be planning to 

leave. 

 

Neural Networks delivered the best total accuracy and the highest F1-score, which is a sign of excellent forecasting ability. The 

network had the capacity to unravel deeply nested patterns and relationships in the data. Nevertheless, it was a bit of a hog for 

computational power and was also somewhat of a "black box" compared to the other models. 

In general, Random Forest struck the optimum point between efficacy and ease of explanation, which is why it was the best choice for 

the CRM usage scenario. 

 

 
Figure 2. Comparison of Predictive Model Performance 

 

5.2. Key Findings and Insights 

The assessment of the forecasting models has brought to light a number of beneficial revelations. One of the largest surprises was 

that the duration of the customer, the monthly fees, and the regularities in their service behavior were the main drivers behind their 

churn. Those customers who have a short duration of stay along with a high monthly fee exhibited a greater propensity to discontinue 

the services. 

 

In fact, customer engagement has been identified as a very important factor as well. Customers who engaged most of the time 

with the support services or through the digital platforms showed lesser churn rate, which means that engagement is a very efficient 

way for retention. Besides that, contract type turned out to be one of the leading factors and long-term contract customers have a 

considerably higher loyalty level than those on month-to-month plans. 

 

Besides that, feature engineering turned out to be an excellent tool for significantly enhancing the capabilities of the modeling 

techniques that we used in this project. As an example, the newly added features such as engagement scores and buying patterns allowed 

for a more profound analysis than simply relying on the initial data. In short, the example shows that the transformation of data into 

understandable indicators is essential to achieve the best and most accurate results. 

 

5.3. Impact, Interpretation, and Business Implications 

Predictive analytics implementation was a real turning point in customer retention and sales enhancement. Not only the company 

managed to recognize the at-risk customers with a very high level of accuracy, but also took quick and effective customer retention 

measures like sending personalized offers, discounts, and providing excellent customer support which greatly contributed to reducing 

customer churn and increasing customer lifetime value. 
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From the sales perspective, predictive insights gave us a better ability to break down and target high-value customers. Marketing 

efforts became more streamlined which resulted in higher conversion rates and better return of investments. Anticipating customer's 

demands not only helped increase their satisfaction but also became a significant element in strategizing long-term customer relations. 

  

Inversion of the text: present results indicate. Predictive analytics propels CRM to adopt a more preemptive approach rather than 

a reactive one. Businesses no longer have to wait for their customers' behavior to know how to respond; they are now able to forecast 

the actions and decide at which moment to do so. This change leads to an improved decision support along with better use of resources. 

 

Nevertheless, there are some restrictions in the paper. Firstly, the systems were exposed to the old data, which might not represent 

the change of customers' behavior fully. Secondly, problems with data such as the missing and the inconsistency one, also limited the 

capability of the models to provide correct results. Thirdly, Neural Networks with the help of which the highest level of precision was 

reached, remain a black box and, thus, difficult to present and explain and, therefore, be adopted by businesses. 

 

All in all, the debates exist, yet the evidence unmistakably points out that predictive analytics have the power to a great extent to 

assist in making CRM more effective. Companies implementing these techniques will be positioned well to increase customer loyalty, 

adapt their sales approaches, and outperform their competitors. 

 

6. Conclusion and Future Scope 
This paper throws light on how predictive analytics is the key differentiator from forgiving traditional CRM systems and turning 

them into intelligent and proactive platforms. It is after the demonstration of research on using different machine learning tools such as 

Logistic Regression, Random Forest, Neural Networks in order to support organizations with decision-making by analyzing customers' 

data and predicting their future behaviors. The results show that by using predictive models, companies are more capable of detecting 

potential churn, better understanding of customer preferences, and planning optimal engagement strategies. Ensemble and deep models 

were more efficient for uncovering complicated data patterns whereas simple models were more interpretable and allowed easy 

implementation among the different methods. Integration of predictive analytics with CRM is the main point which is allowing 

companies to move from a reactive mode of decision-making towards data-driven, forward-looking strategies. 

 

This paper successfully breaks down the use of predictive analytics in CRM scenarios while presenting its benefits through a case 

study approach. It underscores the role of data preprocessing, feature engineering, and model evaluation in deriving trustworthy results. 

On the business side, predictive analytics is a perfect match for customer loyalty management, identifying the most profitable customers, 

and implementing the marketing campaigns more effectively. This leads companies to uncover new ways of delivering customer value 

and increasing sales.In brief, this is a very exciting field that holds the possibility of considerably altering business results in the near    

future. 
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