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ABSTRACT

In sales environments with a direct selling force, territory management and quota setting is an
essential process but is often done manually with limited real insights behind the qualitative
assessments. Data availability in this context has been devoted to enhance this process logically,
explicitly, and transparently. In this spirit, following the first offer of a measurable workflow
(i.e., the Generalized Flow), predictive techniques in modeling the winning propensity are
explored to support the qualification of the depths of the sales funnel as well as the quota setting
process in salesforce allocation, evaluating the theoretical and practical value of its
implementation. In a salesforce quota and territory optimization flow, three fundamental parts
are addressed with industry cases: the lead grouping much widened by data-driven building
rules and technique integrations, the territory management with optimized routing paths both in
the existing lead distribution process and time added contacts, and the allocation of quotas
wrapping each location and salesmembers. This sales prediction workflow stands at the meeting
point of data science, sales action pipelines, and business understanding.

Along the predictive move, the first step involves knowing the background of the sales industry
and the predictive process, as well as the opportunity construction and sales technology in the
business; the second step is to fully leverage the acquired information of that business
environment and the insights of the data; the third step is to prepare and preprocess the features
as predictors for the winning propensity prediction. Once the geographical segmentation is
decided, the attention will move to assign sales personnel to each territory in the sales quota
settings. The territory management problem is defined as MCSPP with minimum contacts to
cover maximum potentials along the rerouted length constraints, and solved by a heuristic
algorithm based on heuristics and a non-linear programming solver. Implementing this
systematic approach will greatly alleviate the burden of quota settings, such as blind manual
adjustment of quotas over territories or inaccurately fixed quota ratios across salespersons.
Instead of being arbitrary or with limited quantitative support, quota distribution can be
conducted on a quantitative basis. The territory management and quota settings in this study are
tailored for business adoption by fitting the data environment of the state-of-the-art analytics.

1. INTRODUCTION

Quota planning, territory management, and account assignments in sales are important processes for sustainably running a
B2B sales organization. These processes are often done once per year for a given fiscal year, making sense of the varied
factors impacting these decisions, analyzing them effectively, and predicting the impact of what-if scenarios. Existing data
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on all types of relative sales productivity is often not leveraged fully for each planning year due to the excessive amount of
data and analysis required. Yet, aggregation and analysis across multiple variables and dimensions are essential for good
decisions on assignment and quota allocation. While territories and quotas are automated from a simple historical basis by
many organizations, they miss the opportunity and the requirement for data-driven insights and predictive analyses to
optimize sales capacity allocation and enhance predictability and fairness across territories and account assignments.

Both processes are often complicated and time-consuming for organizations, making subsequent analysis and prediction
tough for related decision-making scenarios. A decision support system is designed and developed to help data analysts in
the initial phases of the two processes. It reduces time on some tedious and less demanding but time-consuming tasks, freeing
the resources of data analysts to focus on more innovative and sophisticated analyses. It also allows decision-makers to
review predictions on how this assignment would perform after it is finalized in case the proposed method/application is not
adopted in the last phases of the processes, which are often further complicated by organizational dynamics. For those
companies that decide not to adopt an entirely new process, it provides a detailed analysis of the existing assignments with
various justice metrics.

1.1. Background and significance

In today's fiercely competitive market, sales management plays a crucial role in determining a company's success.
Multinational enterprises consistently face challenges in guaranteeing appropriate quota assignment and territory
management across myriad countries, businesses, and sales representatives. Misallocated quotas may paralyze sales growth
and leave room for competitors to thrive. Enterprises allocate quotas based on sales history, industry experiences, and
managerial wisdom rather than predictive analytics and structured professional judgment. Without careful examination,
instances of overly incentivized or overly punished representatives may go unnoticed, creating a counterproductive large-
scale negative impact. At the macro level, sub-optimal quota allocation may prevent market growth, forcing representatives
to overly pursue the small minority of most lucrative opportunities and ignore others. Quota smoothing or aggressive territory
expansion instead of headcount growth further exacerbates the problem.

Quota planning can be seen as a mathematical optimization problem: given a root case, design a function such that assignment
satisfies a series of constraints or a reasonable trade-off between competing constraints. The challenge lies in how to
understand and represent the root case and how to design the function. Predictive analytics can advance revenue management
by understanding from historical data the determinants of quota growth complemented with a solid policy toolbox. Simpler
statistical techniques such as linear regressions provide a good base of interpretation should standalone predictive analytic
tools not significantly outperform them. Sophisticated predictive analytic techniques may soon be necessary should growth
opportunities, turf wars, and presentation sophistication provide meaningful challenges to these simpler techniques.
Advanced optimization techniques including genetic algorithms, network flows, and dynamic programming can likewise
complement more vanilla techniques such as nonlinear programming, decision trees, and simultaneous solution of systems
of linear equations. Research is needed to delineate the circumstances under which each tool is needed and to develop
techniques to integrate different types of tools into a coherent methodology.

Both measurement, description, and estimation of goodness-of-fit should be furthered to increase the reliability of predictive
analytics. Improved understanding of the behavioral rationale of quota planning should increase the crystal-explanatory
power of quota plans, while better knowledge representation should improve the capacity of optimization techniques to
operate over it. Further consideration might also be given to the epistemic issues involved in evaluating the adequacy of sales
management models under uncertainty such as concern for simple ways of representing predictive uncertainty or for the
potential benefit of new avenues of research with surprising results in artificial intelligence and operations research following
the study of the limitations of classical approaches

2. UNDERSTANDING QUOTA PLANNING

The allocation of quotas to sales representatives (SRs) and teams is crucial to optimizing the objectives of maximizing
revenue and minimizing cost. With the continued popularity of the two-sided market, where consumer competitions and
seller memberships are two key sides of the market, allocations and assignments of seller members to teams and teams to
consumer competitions have a significant impact on the outcomes and effectiveness of the two-sided market platforms. With
the rapidly evolving two-sided platforms with multi-sides, allocating quota (or budget) to teams and assigning teams to
consumer competitions (or markets) to maximize platform income is of great strategic importance.

Efforts have been made by both general management science and the industry to maximize platform profit by improving the
assignment of SRs to teams and teams to consumer competitions. A real-world case on quota and territory management in
two-sided markets with sales teams and competition format selections is presented. Together with the academic-developed
formulations for the two-part problem of quota and territory management, a multi-dimensional approximation approach is
proposed, which efficiently utilizes relatively low cost to optimize the platform profit. A novel multi-seller multi-budget
optimisation modelling framework is developed to unify quota and territory settings in two-sided markets to maximise
platform profit considering quota on actions and marketplace costs.
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Real-time sales quota allocation and territory management across both sides of a two-sided market is a new research area
that is very timely and attractive for both academics and practitioners. The recent trends of digitalisation have fundamentally
changed the way that platforms conduct transactions and growth. In a two-sided digital marketplace, sellers compete to join
the platform while buyers select the platform winners to interact with. The tremendous growth of competition in the multi-
sided marketplace is also accompanied by an explosive increase in costs. The competition escalation from one-to-one to one-
to-many has presented multi-budget settings for platforms.

Sales quota allocation and territory management on the team level instead of the SR level is arguably a more practical and
effective alternative, especially in the multi-budget setting. Indeed, after these key background concepts are discussed, they
will be generalized to quota and territory management of teams of sellers in a new budgeting setting in two-sided massively
multiplayer online role-playing games. Two research questions are further formulated to gain fundamental insights into the
modelling challenges and shed light on the effective and efficient solutions that can be applied to other settings.

@
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Fig 1: Quota Planning.

Stratege
o]

2.1. Research Design

The research design was guided by three research questions derived from the research objectives. Each research question
was accommodated by a list of specific sub-questions that narrowed and focused the research. These questions acted as a set
of guidelines throughout the study to take the research in a systematic manner. The objective of the research was to highlight
the basic steps of quota planning and territory management processes and the optimization of processes through predictive
analytics approach or prescriptive analytics approach. By following the stepwise approach, the subjective and objective
research questions were answered in an exhaustive fashion. A detailed preliminary design of quotas and territories followed
the initial research and decisions made in the first stage. The models were developed in full compliance with the set-up rules
and limitations. The remaining deployment stage regarding implementing predictive and prescriptive analytics was taken up
at the last stage.

The research design gives a summarized view of the approach regarding the objective, approach, methods, and processes
taken up to achieve the research objectives. It is the grand methodology of the research. The design is broadly classified into
three parts. The first part mentioned the ways to gather the technical and theoretical background of the research, identification
of subject and target issues, and identification of research questions. The second part discussed the ways of execution of the
models to address the research questions. Mentioned also the steps to gather responses from end users, convert raw data into
workable data, design predictive models, and apply the models for forecasting. The third part elaborated on the steps and
needs of prescriptive analytics to help Take Decisions.

Equ 1: Sales Quota Allocation (Proportional Allocation Model).

P

Qi = Qr X —=——=
Zijj
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Where:
* ()i Quota for sales rep or territory %
e Q7 Total national sales quota
» F;: Historical performance or potential for territory ¢

+ n:Total number of reps or territories

3. THE ROLE OF PREDICTIVE ANALYTICS

In a world of disruption, uncertainty, and change, the use of predictive analytics can help enterprises prepare for the evolving
real-world challenges that are coming their way. In business, predictive analytics is drawing on a vast amount of historical
data stored in enterprise systems, applying advanced statistical techniques, and regularly updated predictive models to
measure how likely it is that a number of events will happen. It enables enterprises to optimize operations, enhance
productivity, and improve working capital management. Due to up-and-down world changes, more and more industries are
trying to adopt preventive actions to prepare for new industry trends and make business continuity plans accomplished on
time.

Sales leaders should make use of predictive analytics to get ready for anticipating uncertainty in quota change and territory
adjustments. Business development leadership can benefit from predictive analytics in six key areas: Predictive quota
planning and measurement; Predictive territory management; Predictive sales force assignment; Predictive on-boarding; and
Preventive quota and territory change warnings. Quota planning is essential for sales performance measurements, typically
set by considering several factors including but not limited to the capacity of each sales rep to service customers, effort
required, level of knowledge of the industry/business/customer, the amount of historical data available, and the entry risk
into the new market.

In practice, a quota model usually includes historical information and relative quota setting efforts for each period. However,
data is often missing for some normal and disruption events, which renders standard machine learning methods inapplicable.
Most quota planning and adjustment periods are often based on year-over-year comparison, with each plan depending on the
preceding plan. As a result, the time scale of data dimensions goes unbounded by length, such as daily quota change data
and yearly territory assignment data for data consistency. To prepare for such uncertainty, sales leaders should adopt
predictive analytics to build a robust quota and territory management model capable of adapting to changes in a timely
manner.

Optimizing
Improving y - market
operations P —— campaigns

Detecting Forecasting Customer
fraud customer churn relationship
management

Fig 2: Predictive analytics

3.1. Data Collection

As the saying goes: “Garbage In, Garbage Out.” The same logic applies to implementing predictive analytics on quota setting
or territory management processes. Without the proper data, high-quality outputs cannot be achieved. One quality data point
is better than a hundred mediocre ones. Quota planning or territory management is a very different process across companies
and industries. Each company may have a unique cycle, rules, and data management processes. Each company may choose
different data attributes to fit their needs. Some attributes may make sense to one company while being irrelevant to another.
In short, before getting into the details of what and how predictive models are implemented, understanding the scope and
data that are available within the company is a prerequisite. This section outlines the recommended steps to bring the right
data to the implementation, as well as how to conduct a data relevancy check.
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1. Describe the QSP and TM Process To understand the data requirements for quota setting or territory management
processes, it first needs to be made clear “What the process is.” For quota setting (QSP) processes, it does not only involve
how to set quotas on each rep, it also needs to consider the entire process. What is the quota outlook done prior to the QSP
process? Is it done at the country level or different levels? Once quotas are set, how are they rolled out to the reps? Is there
a short Q&A session after the numbers are reached? How do the assigned quotas impact the way sales reps transact? Similar
questions need to be answered for territory management (TM) processes. Is it a matter of segmentation and reallocation? Or
is it also about addressing imbalance across reps? Are there any new headcounts added? Are there different approaches used
across different divisions or teams? Understanding these main questions can help uncover the scope of data attributes. For
example, if headcount changes are a part of the TM process, the data of headcount additions or separations may also need to
be included in the modeling.

2. List Data Attributes Once the process is described, the next step is to map out the data attributes from the perspective of
“What can be useful” or “Obtainable.” Some attributes may be obvious or mandatory for modeling tasks, some attributes
may not be very crucial but could help models generate insight, and some could simply have no business sense or be too
hard to obtain. The number of attributes may be in the hundreds or thousands depending on the existing data availability, but
it is recommended to focus on attributes that are essential or high-value.

4. SEGMENTING SALES REPRESENTATIVES

To ensure the best use of resources and manage territories effectively, sales representatives must be segmented. Segmentation
allows for the identification of specific representative profiles according to past success, ensuring that equally skilled sales
representatives are assigned to equally challenging prospects. Human resources costs money, so assigning the best sales
representatives to each of the most promising prospects is suboptimal. It is better to lay out the segmentation based on
clustering. Once the groups of prospects and representatives are determined, sales representatives can be assigned in a way
that maximizes utility.

To use clustering effectively, the first necessary step is to retrieve information about current representative performance. In
this regard, past sales that are completed should be explored. The time interval considered for these past sales can affect the
clustering. Ideally, the past data should be large enough to observe performance differences, e.g., gathering past sales of at
least six months consideration. The longer the sales data, the more informative it will be to prepare gathered too long in the
past, the sales representatives resent historical data. On the other hand, if historical data could have worked at different
companies and therefore they are invading the current territory. For this reason, the most useful time interval to be derived
is between six to 12 months, which always depends on the specifics of the situations and companies. If this cannot work,
then another time interval should be considered until the outcome is reasonable.

An unoccupied territory can be assisted by sales representatives who have sold similar prospects in previous years, but they
must be of the same or lesser competence level. The first step is to collect data about previous sales representatives’
performance, currently focusing on upselling activity but this can easily be modified to include expansion activity.
Performance normalization is conducted to adjust the total number of prospects to which each sales representative had the
opportunity to sell in that period. Clustering is a powerful technique that can be conducted on historical sales representatives’
customer lists to create a clear cut-off indicative of performance. This would provide all sales representatives with the ability
to work on multiple prospects as well as a segmented list, thereby enabling variable sales performance expectations.

4.1. Criteria for Segmentation

The core of this segmenting application is to operationalize effective and feasible grouping rules for allocating potential
customers to sales representatives. It examines the practical considerations, including potential criteria for characterization
of both sales representatives and customers as well as selection of optimization algorithms and tools. Based on these criteria,
assessments of feasibility and effectiveness are constructed. Since the sales representatives are almost exclusively on long-
term contracts with guaranteed commissions, it is very undesirable to have a customer group that is substantially
underplanned. Past performance can be adjusted using prior sales opportunity data, since it directly relates to the customer.
The current opportunity distribution and pipeline estimates are explored. Algorithms for evolving questioning heuristics take
these into account, obtaining more efficient grouping rules than simpler analogs, particularly in larger planning situations.

The consideration typically placed on the impact of the customers themselves on the sales performance has not appeared
prominently. In a classic approach, a customer risk rating is used as a threshold starting point for the same estimate for all
customers. Since this can lead to a substantive underplanned group, a novel method is designed here to incorporate its own
selection of desired sales levels for each customer group, consistent with actual estimates of current and prior potential. This
utilizes a segmentation model that simulates the typical overview of the segmented situation from both sales performance
and customer analytics discipline perspectives.

Since providing a good overview of the current activity is crucial for timely eventual uploads to applications, variation and
precision across years is examined for both input data and output levels. The initial scope is limited to a brief illustration of
the local distribution of current sales percentage and average opportunity level per customer. Remaining items, including
less-favorably parameterized segments, segment-specific upper levels and inclusion of more transparent measures and
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visualizations, are treated in more detail. Extrapolation of the current algorithm to handle more segments near-term is fairly
clear. However, the analytic value of a customized potential segmentation approach is harder to judge without trial.

4.2. Sales Performance Metrics

Quota planning can be a daunting task for sales leaders, especially at the start of the fiscal year. It requires understanding the
overall market conditions, such as inferring the total addressable market (TAM) and considering how many new hires will
join to ramp as business growth loses steam. For global companies, these considerations become increasingly difficult. The
process involves distributing quotas along the hierarchy, which forms a flow-down process to sub-teams and individuals,
assigning fiscal year targets to sales professionals. As the performance metric mainly revolves around the closed-won
opportunity value, inputs from multiple sources are needed, such as detailed customer performance numbers, territory details,
and changes to the sales structure.

At the same time, companies face pressure to provide SMEs to shift customers towards growth. It is critical to identify which
accounts should be engaged with limited sales resources, and at the earliest time point possible. Even in large companies,
many teams still rely on manual input, expecting to improve efficiency by a mere 5%. Moving towards machine learning-
driven prediction may greatly assist different user groups. It discloses unknown opportunities across accounts and ranks the
mitigation risks. The piece of information is to predict the expected win rates of opportunities at the creation time and suggest
which opportunities are of higher priority.

The first step is to digitize the ecosystem by having a database system that keeps every single piece of performance data and
input since both manual sales input and lead-to-sales lead aging processes. The second step is to establish robust training
datasets for scorecard models to deliver reasonable performance following the decisions made. The third step is to solve the
blackbox problem by ensuring the training pipelines of models are fully reproducible and sharable, while also preparing
explanations to kick off the adoption process of this data product. The fourth step is to finally embed the models into the
CRM system and regularly assess their performance and signal KPIs that users can easily comprehend.

&

Sales Team ) ;
w'\ o
WinRate/

'

Conversions

Fig 3: Sales Performance Metrics

4.3. Behavioral Analysis

To uncover reasons behind the quota-setting behavioral tail or distribution in each sales organization and the parameters
affecting it, territory managers and sales operations can utilize behavioral analysis. Understanding the detailed reasoning
behind the predictive analytics-based quota range prediction would provide territory managers with additional insight to
substantiate the quota settings. Both the predictive analytics model answers and local model explanations were incorporated
into a territory manager-facing interface. The predictive analytics model answers were presented as one of the months’ quota
box plot displaying the predicted range. The local model explanation was generated for each sales rep and requested on
demand via the text box on the platform. Additionally, the weights of quota-setting parameters could further assist the quota-
setting process. They were added alongside the behavioral analysis outputs.

To ensure interpretability and usability among business users, texts and visualizations were designed to explain the model
and outputs. First, a time graphic weighed the types of quota-setting parameters over the past two years. This showed that
no multi-year quota-setting methods were applied, which would negatively affect the quota-setting consistency. To make the
quota-setting consistency clearer, variance was also calculated and visualized as a heat map across team groups. These
visualized behaviors’ overall characteristics were presented in the behavioral analysis text and the self-explanatory
dashboard.
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Second, two texts contextualized and justified the predictive analytic display: one predicted box plot and two local model
explanation texts. The text for the box plot started with a general explainable Al meta-description and transferred to specific
insights like the month’s utility and lowers. The local model explanation text transitioned from a general coverage description
to domain knowledge elaborate on reorder constraints and behavioral differences. In these texts, a soft prompting strategy
and stub text were designed to reduce empty-stage issues and limit users’ editing work.

5. SEGMENTING ACCOUNTS

Conversational marketing (CM) focuses on actively engaging with website visitors, answering their questions in real-time,
and providing them with the information they’re looking for to move them further in the funnel. According to research,
conversational marketing can increase lead conversion by as much as 400%. Deployed through chatbots, live chats, and
messenger apps, CM has gained a reputation for being an effective sales channel. As a result, companies are investing billions
toward chatbots and conversational marketing, but a common misconception is that using CM automation promises instant
revenue growth. When starting the CM journey, companies need a plan to avoid creating confusion or expectations that
cannot be met.

To maximize the value of CM, companies need a clear strategy for choosing the right technology. They should consider their
market as a whole and analyze the behavior of their existing customers in the CM space. The analysis should look for
channels competitors use to communicate with their customers. Companies can then start their CM journey by optimizing
functional needs before considering increasing production capabilities or integration. For example, companies should
initially maximize engagement on key landing pages and then shift to broader funnel pages after ascertaining what’s needed
to make conversations successful. An efficient way to learn what people want is to segment the users on pre-qualification
pages and analyze their questions, using Al to scale the analysis.

CM is a new channel with many marketing techniques yet to be discovered. Companies should first utilize common
techniques before going into advanced deep-tech solutions. Additionally, the process of moving toward advanced solutions
may result in user backlogs, so companies should adapt their CM journeys to their user bases. For instance, an advanced
FAQ and searchable bottleneck builder leaves conversion opportunities untouched. As a stepping stone, companies should
utilize banks or car rentals based on their industry type. Since using voice engagement or CM on emails requires a different
knowledge base and a rethink of user safety on data privacy, tighter laws are likely to hinder such tools being adopted at
lower tiers.

5.1. Account Classification Models

As business-to-business (B2B) sales organizations expand and customers multiply, such sales organizations often find it
critical to upgrade their sales account prioritization process. This is specifically true for organizations whose revenue stream
is derived from recurring subscription contracts, with accounts purchasing software platforms or services from them. Putting
time and effort towards the right accounts in the right way has always been a common goal across B2B sales organizations.
Fast-growing markets often mean bursting sales accounts, a fast-expanding salesforce, and “book” accounts with wide
variability in loyalty, potential, and types of upsell. It is therefore vital that manual sales book prioritization processes be
transformed into optimally-fitted automated systems.

Research and Production Scope of Work. Serious consideration is given to the feasibility and technical approaches to building
and deploying a model-driven account prioritization solution in production settings. Such considerations included a
systematic search and analysis of available model inputs, methods and techniques, uses and outputs, and testing
environments. Inputs would need to be variables not only predicting account growth plausibly well, but also those fairly easy
and widely available within input databases. Various fits accurately. Predictive power is also greatly improved with
additional quality-encasing variables. How to come up with explainable solutions is explored. Advanced machine learning
recommendation models were developed to build account growth prediction initiatives. Integrated account-level explanation
algorithms were designed and hosted within the sales CRM to enable the understanding of model predictions. The practical
usage of the data product as an intelligent sales account prioritization engine is described. It accounts for the end-to-end
account growth prediction process. Project delivery success was highlighted by a successful A/B test on the usage of the
engine across the sales team, which generated an additional +8.08% increase of renewal bookings for the LinkedIn Business.

5.2. Value-Based Segmentation

While many organizations do maintain a Customer Lifetime Value (CLV) model or scoring mechanism, they often fail to
effectively evaluate and apply this information. If efforts have been made to invest in scoring, this exercise would ideally be
helpful in making sales decisions, but for most organizations the onus of interpreting these scores is left on sales
representatives. The risk here is, as mentioned previously, traditional siloed models, including unexplainable black-box-style
machine learning models, lack the interpretability required for informed actions.

In other cases, organizations may even struggle to use standardized scoring approaches. Quantifying “value” in B2B
organizations is often very subjective across existing portfolio accounts. This problem can result in either overly generous
capital allocation to non-prioritized risks or overly punitive targeting of undervalued account opportunities. Oftentimes
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marketing and leadership decisions regarding account prioritization cannot be replicated through sales execution, as it’s
unclear how account “value” was derived. Reputational risks to sales representatives can threaten productivity and
engagement as 50-70% of potential value is something the organization may not be able to perceive at all.

Value-based segmentation can be used to assist organizations in identifying, quantifying, and valuing accounts end to end.
The end-to-end process generally involves the clean acquisition of input data available across existing silos, often requiring
a mix of cleansing, deduplication, transcription and programming of multiple scripts, and the development or integration of
free-form fuzzy matching and near-duplicate detection solutions. Each of these tasks is complex, requiring the efforts of
engineers, scientists once input data is mapped to a common schema.

Applications can highlight relatively simple summary metrics on accounts, markets, or representatives that may help to
identify outlier behavior. When decisions cannot be externally verified, sales productivity can suffer. Outside of competitive
objectives, deep-level summary metrics can help in assessing the productivity of representatives.

5.3. Risk Assessment Techniques

Risk assessment approaches may distinguish two forms of risks assigned to accounts. Account risk refers to the risk of sales
failure, typically indicating the risk of not achieving the revenue as anticipated. With a higher risk, there is less confidence
in the estimate, which can be interpreted as a warning for the sales person. The other risk of interest is the risk of very high
sales of an account. It indicates that revenue is difficult to account for, which can arise from too high a base rate assigned to
that account, which, if true, supports an imminent change in the territory design. Predictive approaches on the model set out
above may provide demand risk estimates. Subsequent to that, those approaches can also be adapted to yield the risk of high
sales. Alternatively, the dividend ratio of the marginal revenue regarded as predictive uncertainty may handle heavy tails in
the demand distributions. The need for this predictability is commonly observed in the data. Understanding the risk of desired
revenues is acknowledged as a key factor for sales performance improvement by practitioners.

A number of predictive models from conditional regression approaches to distribution-based predictive approaches can be
examined for account risk estimation. Most of the utilized models are computationally friendly, readily usable for virtually
unlimited amounts of data, and inherently interpretable. The possible advantages of the distribution-based approaches include
better calibration and broader applicability to risk-friendly and nonlinear pursuit functions. However, this analysis shows
that predictive calibration is difficult to establish with data of moderate size. It can nevertheless provide guidance for devising
a specification for those models when the distribution shapes are adapted to the data of interest. Further, this analysis shows
that account risk estimates can facilitate the design of appropriate selling and planning approaches.

Assumptions Constraints

Risk Assessment
Tocls / Technigues

Organizational
Roles [ Responsibilities

Assessment

Risk Assessment ) Internal and External
Information Collection 4 Threat Intelligence
and Pracessing ;

Risk Assessment Risk Appetite
Frequency and Tolerance

Fig 4: Risk Assessment Methods

6. NATIONAL SALES ZONES: A FRAMEWORK

One of the main outcomes of the optimization process to develop a national sales zone structure is the sale zones themselves.
Although an implementation should be measured for success ultimately in terms of desired outcomes on sales force resource
allocation and sales increase, the structure itself can be tested against theoretical groundings that dictate desirable properties
from a sales zoning scheme. Ideally sales zones, also termed sales regions or territories, will allocate equity in sales potential
and allow for opportunities for sales force to travel commercially. In building the national sales zones structure design
process, four aspects were particularly investigated. First, how a sales zone should be defined. Second, how zones should be
shaped and constructed geographically. Third, how zone allocations should be reflective of relative market potential. Then,
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what basic information is needed on sales zone definition, geography and demand potential. With respect to these four
aspects, six recommendations have been developed.

A first set of considerations is around the definition of sales zones. This concerns the process and information needed to
build a sales zone structure for a given country. A prerequisite is an up-to-date geographical database, which can be developed
using public registries. Then, market potential is ideally determined at as granular a level as possible for the relevant market
with data analytics. An initial set of sales zone demands should then be determined. The boundaries of these zones should
be horizontally and vertically tested in terms of location and volume, asking how cities account for the majority of game
revenues but adjacent areas can either account for little or a lot or attract high volume players. It is reasonable to assume that
any single operator cannot allocate more than 60% of its advertising to any target group. After implementation of a national
sales zone structure, it is recommended to review zoning every six months, given market fluctuations and changes in the
competitive landscape.

A second consideration around geographical aspects of sales zones is how to create construction criteria. Inputs include a
geographical data map that plots every single call in a white viewed area captured in the data stage. Output would be sales
zones based on demand aggregation, communication, reasonable shape per zone and accounting for at least minimum sales
targets. Geographical considerations around communication routes, travelling patterns, topography, settlements, and water
bodies can divide zones into parts that are excessive to travel or prone to misconduct when this is easy to spawn. Reasonable
shape and travel distance implies that zones are preferably rectangularly shaped, while the risk of a game’s market cap having
been missed is larger as motivated zones cluster more around the game market. When there is a difference between these
demands, it is a matter of preference which requirement imposes a bigger penalty.

Finally, zone demand potential can be generated from the most upstream market data gathered on traffic across a wide range
of domains. When faith can be put in the baseline players, it is relatively easy to count their levels, their bank data, their
specific geography and planned commission rate. To smooth out spacing issues, best players can be manually inspected, thus
enabling a fair assessment of retailers to expect their zone to account for and get a full pre-calibrated picture on the chance
of allocating such players. With respect to the last question on issues surrounding demand potential, authorities and relevant
competitors are an important source of information, as is revenue computing potential market sizes.

Equ 2: Predictive Sales Forecasting (Linear Regression Model).
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6.1. Defining Sales Zones

The design of a National Sales Zone system is an arduous process, fraught with complications that are often exacerbated by
the fact that it involves a company’s most sensitive data. Throughout the Design phase, an effort must be made to keep the
stakeholders involved, to share or at least regularly summarize results, and to foster a team spirit. As with many difficult
tasks, it is often left to a small group of experts to contribute significantly to the technical definition of a system. In these
situations, results are often developed, fully tested, and presented at an executive level before any wider audience is able to
engage on the topic. In the case of the National Sales Zones system considered here, much of the effort was under the
direction of the Director of Marketing Science. In this situation, it can be difficult to retain the acceptance and support of
stakeholders even though, at the outset, there had been ample participation. To maintain ongoing involvement from
stakeholders, regularly scheduled briefings provide an opportunity for reporting progress while soliciting concerns and input.

The simplest, the preferred model, optimization-based scope of a Sales Zone optimization system would involve ensuring
that a rep’s preferred accounts have a zone that included those accounts. Moreover, one would want to ensure that District
Manager revenues from those zones were broadly similar. Luckily, revenue misbalance across zones was generally not a
problem, but sourcing a particular model proved to be complicated, wrought with data issues and philosophical dilemmas.
The question of what weight should be given to getting a rep’s preferred components into his zone, especially from a starting
position where reps had been at the firm for decades, simply had no satisfactory answer. Fortunately, a time-insensitive
mechanism was favored, and even with the strong effect of rep participation in the design process, overall model performance
needed to be high enough to justify its adoption. Thus, the focus shifted to a rep-independent model and a generalized solution
framework to allow for either a data-cleaning or revenue-hitting approach.

Custom territory mappings for particular reps can be viewed as special cases of the larger process of a generalized solution,
and thus there is hope that a broadly agreeable outcome can be achieved. This nevertheless complicated the conclusive
experimentation: there are ample chances for a model change to go poorly. Moreover, after running processes through a
number of representatives was added risk: additional testing defined as running again. A “semi-final” model was arrived at
after many stages of construction and testing, up to and including exhibition of the new zones within the visualization
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software used by the sales force. A final round of broad testing was devoted to experimenting with how best to diplomatically
convey the information to stakeholders.

6.2. Geographical Considerations

One of the central aspects in defining sales zones is a geographic consideration that takes into account the distribution of
sales resources and the accessibility of the respective clients. A basic approach to this is the definition of protection areas for
the salespersons along the boundaries of an irregular grid defined by equal distance cells. The resulting territory shapes have
significant similarity to polygons, and for this reason, a tessellation is also included in the approach described.

The demand market is assumed to be uniform in size. Through a mapping and investigation of the built environment from a
geographic reference, a list of sales points is provided that serves as the basis for sales activities. The sales points can be set
up along coordinates in an ideal x-y representation, from where the distances of the sales resources are determined. Each
sales resource's protection area is defined as the territory that it serves with a radius that does not overlap with the area of
others.

The overall distance distribution is investigated and defined as an organization if the solution is considered globally optimal.
The tessellation is a partitioning of a plane with n sites into convex polygons such that each point in the plane is closer to
one site than to any other site. The approach in examining tessellation totals up n distance circles of equal radius defined
along the origins of the sites. In the following, the considering distance points are defined as p, and the tessellation is
computed for the given set of p points. A region for a point p is a convex polygon that contains all 2-D points closer to p than
to the other points.

6.3. Market Potential Assessment

A fundamental aspect in the development of sales zones is the assignment of potential to available territories. As one of the
three components that influence sales turnover alongside the sales organization and product mix, assessing market potential
is a crucial but also a difficult task. Normally, sales potential is defined as the maximum sales volume obtainable under the
company’s marketing strategy, assuming perfect competition. The general applicability of this definition can be challenged;
in practice it is often difficult to estimate a market’s potential with any precision. In highly competitive and stable markets,
it may also be questionable whether this approach truly offers a competitive advantage. Instead, potential is often defined
locally, using very restrictive criteria based on available measurements like prior sales volumes or variations thereof. This
section describes an automated procedure for the assessment of historical market turnover that aims to provide a sensible
balance of detail and general applicability.

The development of potential estimates can be divided into three overall phases: (1) the preparation phase, where broad data
needs are defined; (2) the knowledge extraction phase, where market turnover is estimated from historical market data; and
(3) the territory assignment phase, where it is decided how the estimated market turnover is to be assigned to the sales
territory. Each of these phases consists of four knowledge engineering steps. The preparation phase proceeds in five steps.
The goal definition step aims to define what primary or core data will be needed, while the available data sources step aims
to identify available data sources, their structure, quality and coverage. The measurement set construction step tries to
construct a set of market measures adequate to the goal definition, while the eligible observation identification step aims to
derive market observations relevant to the market estimate.

7. DATA SOURCES FOR PREDICTIVE ANALYTICS

Although predictive analytics (PA) tools have increased, SI projects at an early maturity level often lack solid PA capabilities.
Consequently, driving business value is challenging. This requires exhaustive data collection, processing, and prediction
modeling knowledge. At the beginning of PA in SI projects, transformative modeling knowledge is needed. Such projects
should focus on how to build predictive models with internal data and apply them to dual-use cases rather than focusing on
sustainability. Once these models have been built, subsequent projects should then consider other data sources and prediction
algorithms/techniques to increase performance. It enables mobilizing data sources for prediction with limited effort and
identifying easily transferable prediction models. Establishing a data-driven culture is needed to pass on modeling knowledge
across companies and encourage collaborative SI data sharing with external companies.

Data-driven decision-making is not explicitly mentioned in companies with a limited number of internal data sources on SI
that require accuracy improvements. Preparing data for project low-code tools should be mentioned in data processing but is
not explicitly addressed. Only one company is aware of the need to share data with external companies in adaptable toolbox
projects. These gaps should be filled before further applying PA to Al projects. PA steers investment solutions for data-
driven decision-making. It explores potential data sources for prediction and evaluates its expected transferability across
generic and use-case domains. It provides a basis for quantifying the effect of offering a generic and transferability -robust
data-driven solution on the business level. A generalized conceptualization framework enables systematic explorations of
viable data sources for prediction at every level of maturity and understanding the required industry knowledge for
transferability-robust and broader technology projects. To achieve both, it embodied standardized knowledge of data sources
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for prediction and identified contributing data sources for specific domains and use cases to establish a data-driven culture
in organizations.

7.1. Internal Data Utilization

Quota planning and territory management are key processes in sales strategy, which need to be executed aggressively for
business growth, especially in an exploratory stage. Robust quota planning and territory management processes optimize
resource allocation and minimize losses caused by unoptimized resource allocations. With the rapid development of
computing, companies can now conduct quota planning and territory management dynamically through comprehensive data
signals and various forecasting analytics in sales systems. However, in practice, other regions or accounts within the company
might possess scattered and isolated internal sales data that are not capitalized for decision-making. Therefore, an ingestion
engine in data systems that sends timely signals can address two critical issues. On one hand, it lets sales and business users
quickly collect cloud storage signals without code and technical skills, enabling them to pay attention to priority signals
without worrying about manual data collection. On the other hand, with an ingestion engine, third-party vendors can easily
push data-based products or applications into the company’s cloud storage, sharing signals often ignored but highly valuable
to the business.

To capitalize on the optimization of quota planning and territory management, various internal resources need to be utilized,
including integrated historical territory allocations and KPI performance datasets for reporting and benchmarking, as well as
unstructured data signals that are useful but scattered in fragmented files, investigating sales and pricing optimization. On
the one hand, directly export aggregates from the sales system and BI to present a 360 viewport of territory allocations and
performance; on the other hand, partner with data scientists to structure and transform unstructured signals, collecting deeper
insights with automation pipelines.

7.2. External Data Integration

In addition to internal data sources, various external data sources can also be leveraged to enhance the predictive power of
quota planning models extensively developed in this work. This section elucidates three such external data sources that
exhibit significant potential for integration into quota planning processes since they tend to exhibit a strong correlation with
sales performance and could consequently be beneficial for forecasting sales performance.

A variety of General Macro-Data is available from third-party data providers. This information can include country-specific
indicators, such as GDP growth rate, inflation rate, unemployment rate, or interest rate change. Similarly, more granular
regional data can also be sourced from local government agencies, such as business registration data. This information
typically includes the count of companies to which the salesperson could sell its products. Since employees usually will leave
or new ones will join, the count of companies is time-sensitive in nature and can change daily. Such events may lead to sales
opportunities for quota-attaining clients and consequently sales change.

On a finer level of granularity, Product Mix Data can be obtained from third-party data providers. This data can analyze a
firm’s advertising strategy, uncover the level of comparison with other firms or the market, and estimate the effectiveness of
advertisement through meta-analysis. Advertising would feed it more potential clientele and inspire orders; thus, predicting
the sales trend based on this data can be valuable.

Another potential aspect to be integrated could be Technological Novelty Launch Data. Similar to Product Mix Data, some
companies would track the level of Patent activity. They would offer a label for every new patent: Novelty, Incremental, and
Substitutes. This information can infer whether a firm will generate value from the patent and thus possibly forecast sales
growth driven by innovative products.

8. PREDICTIVE MODELING TECHNIQUES

Predictive modeling, in practical terms, is the process of producing a quantitative estimate of the value of some unknown
outcome based on the values of the known variables. It is a systematic approach using data mining and modeling techniques
that helps organizations gain new insights from their data. It is performed with the help of sophisticated algorithms, which
analyze historical data to identify hidden patterns and derive models that can discriminate between different classes.
Subsequently, these models can be applied to new, unseen data to compute the probability of belonging to previously defined
classes, thereby enabling predictions to be made for new occurrences.
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Fig 5: Predictive Modeling Techniques.

In the implementation of predictive modeling in quota planning and territory management, various predictive modeling
techniques have been used, including regression techniques (both linear and non-linear), decision trees (simple classifiers),
and density models (Bayesian approaches). Decision tree modeling techniques combine good performance with an easy
interpretation of results. They focus on classifying observations according to the information available about them. Decision
trees can be easily implemented in the decision support systems and business intelligence solutions of organizations. On the
downside, decision trees are sensitive to noise within the data and tend to create overly complex trees on data with a large
number of predictor variables.

The data mixture in predictive analytics is linked to cause-effect and usually includes many variables, some of which are less
relevant, known as features or predictors. The multitude of approach combinations can produce different models, standing
in stark contrast to classical statistics, which tends to favor simpler parametric ideas. This complexity generates several
opportunities: candidates can be trained, selected, and evaluated under stricter environments.

8.1. Regression Analysis

As the primary tool for feature generation, the generalized regression model fills the gap between simple trend lines and
elaborate forecasting models. It provides an interpretable model suited for management purposes. Based on a linear
regression framework, the generalized regression model introduces time and seasonally based exponential smoothing
functions. This flexible modelling strategy is employed to automatically narrow the forecasted region to the area having a
greater occurrence probability with a simple approximation model. The generalized regression model is tested on the first
data set. Quota defines and determines the goals of sales forces. To combat the increasing complexity residing in quota
planning and territory management, a multi-view predictive analytics model is proposed. In particular, quota setting and
territory management in B2B markets is studied. Based on a three-dimensional feature space, a monthly time series average
of ASP is utilized to render quota assignment procedure transparent. Accounting for both distinguishable revenue items and
sales characteristics, different models are created for explorable use. A multi-dimensional feature space is created on which
similar territories are shown to cluster. Parameter ranking is conducted to provide useful insights and quantification to the
model coefficients. Further subjective analysis has been given to guide the sales force structure adjustment and incentive
deployment. A test set is sampled to deploy the model optimized mean squared error/mean absolute error rates are measured
to appropriate a standard on similar scores to 20% on both territories and quotas. Actual quota and territory levels are used
to examine the effectiveness of the proposed models and projects. Significant alignment of sorting returns is always observed
in all of the grouping criteria. Revenue savings are calculated for quota setting. Each estimated quota level addresses on
average a lower revenue difference between the actual and true quota levels which are relatively better than the average 10%
difference at the territory year level and 30% revenue reduction in the tier level. The assumptions of independent and identical
errors are apt to be violated so as to apply robust regression techniques or nonparametric techniques to build a functional
relationship between the predictors and the predicted.

8.2. Machine Learning Approaches
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Based on insight provided in the Problem Understanding section, the prediction of user behavior, such as their buying
propensity towards an offer, has been formulated as a recommendation problem. To achieve this goal, a variety of algorithms
can significantly reduce the data preprocessing workload. It’s important to ensure that the models have enough performance
to serve clients effectively. However, the raw output of a machine learning model may have low interpretability for users to
understand, but model accuracy is undermined by lack of interpretability. XGBoost-based recommendation systems were
built for both hierarchical and flat structures. With the account-based customer hierarchy, customer management is suitable
for considering the customer hierarchy when extracting features for model training and prediction. Off-the-shelf components
were developed with the containerization technique and hosted in the Azure cloud. Batch predictions of the model were done
to produce scores for accounts either actively rejected or idle.

After that, a sales service method utilizing account-level explanation techniques is proposed. To enhance the interpretability
of predictive models, integrated explanation algorithms were developed to provide an end-to-end account-based explanation
process within the sales CRM system. Counterfactuals and Shapley value were incorporated as two explanation techniques.
Instead of training multiple models, selected global models and account based explanations with off-the-shelf components
would be cost-efficient for the engineering team. The developed sales service method was integrated with the previous
account recommendation engine and exposed through web API to the sales organization. It’s capable of providing account-
level explanations and enhancing the capability of accounts book analysis. Online A/B tests were conducted to evaluate if
the sales service provided a systematic explanation approach and encouraged sales to reconsider early rejected accounts. It
generates massive accounts with plausible explanation drafts supported by back-end recommendation models, reducing the
human burden of adopting this service effort.
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Fig 6: Sales Territories Influence Revenue Growth

8.3. Scenario Planning

Predictive models are not only used to forecast outcomes but can also be deployed to evaluate different courses of action or
policies in pursuit of management objectives. This is typically done using a process called scenario planning. Companies
often engage in scenario planning to analyze how major trends may affect their business plans. The process entails developing
alternative scenarios and estimating how those scenarios would affect the business estimates and the course of action that
would be taken in each case.

An advantage of predictive models when conducting scenario planning is that multiple what-if scenarios can be analyzed
quickly, using structured scenarios that outline how prediction inputs can be changed to generate different forecasts.
Predictive models can also model and convey the uncertainty attached to forecasts more effectively than other methods.
Likewise, predictive models can also enable managers—especially less-trained or inexperienced managers—who are not as
able to think through the ramifications of changing one assumption or input while holding all the others constant.

Unfortunately, predictive models may be limited to situations where scenario planning is based on modeling numerical
quantities, and scenario analysis is only feasible when predictions are made on quantitative targets. In such cases, sensitivities
are estimated and used together with the predictive model to generate alternative quantitative scenarios. If qualitative factors
are to be considered in decision making or if scenarios are to be purely qualitative, predictive models typically cannot be
used for scenario planning. On the other hand, if a set of quantitative scenarios can be established and a predictive model is
built to forecast the impact of those scenarios, quantitative estimates of outcome measures can be readily generated. This
allows decision-makers to evaluate different courses of action corresponding to each of the scenarios and choose those
alternative actions that are most beneficial.
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9. IMPLEMENTATION STRATEGIES

The implementation of technological innovations almost always demands organizational change. The introduction of APAs
significantly alters many of the established processes where they are utilized. The fact that sales is non-standardized and
often quite chaotic in hiring, onboarding, promotion and execution leads to strong resistance against any change. Moreover,
organizations have a very limited amount of time available for advocating for and implementing structural changes. In many
well-functioning Measurement Systems, Motives and Feedback Plans are already in place which ideally now also need to be
integrated into the APA Systems. Having learned from the experiences with other innovations, two broad areas of change
management were identified to deal with these problems in the best possible way:

* Management is expected to take their role seriously. As the introduction of APAs is a large ongoing project, management
was asked to clear time in their own agendas for it. A kick-off event was organized at which both APAs and the importance
of change management were presented. The kick-off event was attended not only by management, but also stakeholders
representing all areas. This was done to show that APAs is indeed a big project to higher management, and to build up
pressure to keep it important to the rest of the stakeholders.

* Use journalists and ambassadors to build support. First, an internal platform was created where stakeholders could ask
questions about the implementation of APAs and the changes it involved. Questions could be asked anonymously. These
questions were answered by a hastily assembled editorial team of journalists and ambassadors, who made sure that answers
were broadcasted widely and, perhaps more importantly, that the whole broadcast was as informal and accessible as possible.
Second, as it was anticipated that the written word itself would not change the minds of many sceptics, the journalists and
ambassadors made extensive use of visual material in demo meetings. Sceptics were brought on stage directly to explain
why change was not desired or to show them with the APAs farce by making up silly questions. This way a safe environment
was created where all participants could learn and evolve in their understanding, often making their thoughts even more
progressive than intended.

The introduction of APAs involved many difficult trade-offs regarding the functionalities and the initial organizational fit.
There was therefore a risk that a lot of regression and workload was introduced due to the complexity of the APAs systems.
The hope with integrating APAs as an integral part of the operational processes of an organization was that false positives
could be minimized. This hope could be fulfilled in two ways:

* Lots of diagnostics could be integrated into the systems and these were presented in as many ways as possible to the Users
and Influencers. Initially writing timelines to identify possible worsening of a model on both the low and high side took long
and required lots of input from the Data Engineers. Luckily, these timelines were made to work on their own for the vast
majority of cases, requiring a low maintenance input from the Data Engineers and a high frequency of assessments.

* A mirror logic was introduced to compensate for the APAs prediction. When making resource assignments, the current
prediction was applied to find the necessary quota cells. However, the occurrence of that prediction was also predicted, and
‘free’ resources (those that were not yet seamlessly assigned to quota cells) were considered as the mirror logic. Pre-emptive
action could also be done within resource assignment by employing the mirror logic, hence achieving one of the hopes of
the APAs systems.

9.1. Change Management

Implementing changes to quota recommendations or territory assignments is never straightforward. The most comprehensive
developments, changes, or alterations to a recommendation or implementation lack the necessary authority or credibility
until prompt or immediate action is taken by unprepared and unwilling stakeholders. Moreover, taking no action is often
more preferable than responding to a proposal that requires action, and it is through this inertia that venerated systems persist,
despite demonstrably limiting organizational efficiency and competitiveness. Unless these challenges are anticipated and
addressed, siloed representations of quotas cannot be effectively transitioned into optimized adjustments based on
quantitative data, while recommended changes to territory assignments will remain aspirational targets without directing
stakeholder compliance and action.

Dissemination regarding how an optional gain evolves into a mandatory requirement is of particular concern, as most players
will only initially be reaping gains and any immediate compliance change will require spreading knowledge of downstream
costs to other local players. Such buy-in may be necessary to gain cooperation and compliance from impacted stakeholders;
thus, the longer-term reality often must be couched in more palatable mid-term requirements. Developing and focusing on
multiple distinct formats ensures that stakeholders are reached, including presentations, dashboards, and raw data. Although
stakeholder accountability for base recommendation adherence is theoretically straightforward to develop and implement,
developing and promoting complex compliance methodologies is often a far more delicate undertaking.
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Equ 3: K-Means Clustering for Account Segmentation.
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9.2. Training Sales Teams

To drive performance on accounts, it is essential to craft, train, and improve on a daily basis. Effectually, this means
identifying common areas of opportunity and gaps in knowledge across the sales team, including a variety of contextual
market intelligence, positive team performance examples, best practices, recommendations on triggers and communication
strategies, development of targeted questions, insights on optimizing territory, upsell potentials, elevating business partnering
and coaching-based interactions, running battle cards for key competitors, and so forth. As such, this includes providing
material and approaches to ensure all sellers understand which prompts were selected as decision graph nodes and how to
analyze suggested accounts in other systems. Also of importance to scaling are opportunities to continuously improve ML-
based account selection prompts. With the algorithm recommendations constantly assessing new signals, a mechanism to
make certain newer signals can still be understood and generalized to account matching tasks is invaluable.

Account decision graphs should be deployed to provide marketing and product expertise to sellers in a systematic way. There
may well be other data opportunities to target and prioritize seller onboarding and resources. Ultimately, bottlenecking
information flow and decision avenues is critical. Just as there are limits on who should recommend stores based on the
general geography and size of the accounts they are looking for, there are limits on who selects the tasks to sell.

In terms of management, it is proposed that the same channels be used for delivering better material, and equally adaptable
sellers shepherd pro-active feedback loops jet continuously and consistently into the ML-based account selection algorithms
across relevant internal systems, including the data engineering and ML Ops functions. Conversely, as machine learning
beasts, these algorithms should be left to operate to generate dispassionate assessments of growth opportunities as much as
possible, with new account-prompt selection feedback supplied on a broader timescale.

10. CASE STUDIES

In the recent decades, due to the proliferation of businesses pursuing new customer markets with Product Market Fit (PMF)
and a culture of experimentation, Sales Effectiveness (SE) recording-based Customer Relationship Management (CRM)
systems have emerged. Many organizations implemented these systems among their teams for close-loop management of
customer dynamics, where throughout the sales cycle, extensive interactions and activities searched for potential customers.
These sales activities yield new leads such that a team analyzes and prioritizes leads based on different criteria in order to
increase the probability of winning sales opportunities.

As aproject is formed on capturing a thick dataset across different SE indicative features, Building indices are set to measure
prospects based on key performance indicators (KPI). The current company methodology for predicting the likelihood of
winning sales opportunities is to merge the past and the current sales records in a historical time sliding window, where
several interaction, activity, and lead held-by-feature based lookup tables are created for each team and for different periods,
until now. In terms of the ML algorithms, XGBoost and LightGBM gradient-boost decision trees are chosen as the base
classifiers, where column-wise multi-processing on partitioning sub-datasets is independently performed to boost model
training efficiency.

The upper bound of the voting ensemble’s performance is reached with an F1-score of 0.918 within a predictive window of
one day. Abundance of lead led by a fast growth speed is commonly found in future generations of SaaS start-ups, for which
data processing of many ML models with a long time window becomes computationally intensive. A generalized flow is
proposed to derive B2B sales predictive model targets with Integrity-Leveraged Gradient Boosted Decision Trees (GBDT)
based classifiers.

10.1. Successful Implementations

Predictive analytics can provide sales organizations large and small with significant competitive advantages in quota planning
and territory management. However, it is not a one-size-fits-all solution. Leading firms must customize their implementations
to account for their business practices, challenges, organizational structure, technology environment, and tolerance for
change.
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An East Coast telecommunications provider meticulously documented its existing quotas—and the processes through which
they were developed. This prepared quotations for reviews. It proactively built a quota management and review process that
fit its organizational structure, business model, and reporting hierarchy. Quotas needed to be as granular as product markets
and market segments; there was also a hefty allowance for discretionary adjustments. As a result, salespeople were far more
amenable to reviewing their quotas by comparing reasonableness. After refining its mapping of opportunity size, velocity,
and sales approach potential, it created a potent territory designer to visualize and implement territory changes while
assessing their impact on sales productivity and territory fit. Importantly, it invested in training at each stage and brought in
engineering support after the initial implementations.

One of a half-dozen top US direct banks approached implementing licenses for a territory management and planning system
after evaluating and rejecting several. The vendor’s industry reputation was significant; product marketing material was
notable. As was later revealed, there were significant discrepancies between requirements captured before the vendor was
selected and the actual capabilities of the implementation. The division head had a specific vision for territory balancing,
which the system could not deliver. His firm’s change management procedures and rampant business initiatives stymied
momentum.

After building a small quota planning and management application on top of the vendor’s territory design product, a Midwest
bank was about to embark on a rules-based budget-level territory design implementation targeting those states needed for
growth. As an earlier inventory rollout had been rolled back after challenges with consumer awareness, introduction at a
conference with industry peers was deemed prudent. Several high-volume accounts expressed interest; one of the largest
Midwest banks proceeded and ultimately rerouted five regions and twitched more than fifteen territory boundaries the first
year. Nevertheless, better estimates of average sales, response, and churn durations, a model for allocated sales function time
use percentage, and rules for at-risk portfolio flags were needed for calibration of territory design.

10.2. Lessons Learned

Despite the rich data sources available to sales organizations and improvements in the underlying algorithms to utilize them
more effectively, the deployment of predictive analytics in an actionable manner with quantifiable benefits remains rare. At
the outset of the case study, both the B2B data environment and the sales process were complex, multifaceted, and
fragmented. Over the course of the project, a number of concrete lessons were learned regarding the challenges to adopting
any product-driven data analytic initiatives within a sales organization.

First, sales teams and supporting functions such as marketing or sales operations should not rush into analytics due to the
availability of algorithms or the promotion of a shiny software product. Rather, they should systematically develop a deeper
understanding of their data environment and the sales process. Only then will they be able to identify the best candidates to
engage with across the selected area of focus. It is unlikely that anything will be bankable, especially as the size of the effort
grows, if the foundational work is of low quality.

Second, even if the foundation is solid, it is critical to understand the system as a whole and to assess the leverage for
deploying a solution. It is likely that there are many places where modest forecasts could be useful. Work with a business
lead to identify where deployment would enhance growth relative to investment. Do not wait for the analytics to be perfect
because that moment may never come. Focus on the areas where the current data and modeling capabilities are likely to have
a substantial impact. When drafting upgrades, framing them as enablers of the key functions instead of as incremental feature
requests can create positive momentum and help address functional needs while building a bridge for more complex
contributions.

Third, a solution does not deliver value by itself. It must be embedded in a business process. It must become a part of the
fabric of day-to-day life for the affected teams. The necessary organizational change takes time and persistence. An iterative
rollout process helps to develop and enhance the functionality of the tool while engaging increasingly larger parts of the
broader organization. This process should be supplemented with education, maintenance, and troubleshooting options.

Lastly, data analytics are often siloed in teams and/or locations because it is difficult to find the right talent, especially with
complex or opaque data sources. In the absence of effective governance, analytics drift is inevitable, and the costs easily
reach unsustainable levels. A dedicated effort is needed to develop a comprehensive framework integrating the technical,
organizational, and behavioral elements of a successful analytics program.

11. CONCLUSION

The guide has proposed the analytics capabilities that use Al to optimize quota planning and territory management as part of
the domain of advanced analytical capabilities. Spotting the immediately actionable use cases within these capabilities has
helped kickstart the analytics transformation journey. For all the suggested use cases, there are tactical steps that support the
analytics initiatives across the areas of data, algorithm and data science evaluation, modelling and autoML development,
deployment, and insights visualization. It is tough to predict purchase behavior in an omnichannel world where customers
engage across an increasing number of channels, both online and offline. It is particularly difficult to predict customer
behavior in the B2B domain, where individuals need to purchase on behalf of their organization. They are dealing with big
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data because huge datasets containing web event logs frequently require decoding or restructure. In some cases, there are
several thousands of features to select from. Furthermore, the behavior of customers evolves over time, making it critical to
develop a time-sensitive model that can adapt to changes. Other challenges exist, including performance evaluation, feature
engineering, and the requirement for an end-to-end system.

This paper proposed a flow that can be generalized for predictive modeling in B2B sales in a big-data environment. A critical
product was firstly picked for modeling and then decomposed into several smaller models, one model per channel, one model
per data source within a channel, and one model for each four clusters. Specifically, a stream analytics was developed for
the near real-time processing of server log events, which compensates for the batch processing's lag and provides timely data
for modeling and visualization. Time-sensitive features were engineered to capture the dynamics of customer behaviors.
Also developed was a more robust testing approach for off-line batch testing, a live A/B testing for production monitoring,
and an off-line batch testing approach for periodic retraining.

11.1 Future Trends

Increasing emphasis on data analytics and models is expected to characterize the future of quota and territory management
optimization. Predictive analytics is expected to gain importance in optimization processes, and solutions are likely to address
real-world aspects of specific analytical problems. In addition, the shift from pre-marketing and pre-sales-oriented markets
to post-marketing and pre-research-oriented markets within the IT industry should accelerate the development of new quota
and territory management optimization models and algorithms imitating available models and algorithms. Dynamic quota
and territory management is expected to gain some interest due to possible pitfalls of static approaches, and thanks to
analytical and computational advances in solution techniques. The notation of the general linearized models open doors to
consider more sophisticated allocation models in mixed-integer linear programming, and developing corresponding solution
techniques and decision support systems. New analytical considerations in mixed-integer linear programming formulations
creating rooms for more advanced solution techniques are expected to be actively researched with educational and socio-
economic impact
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