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Abstract

In the context of the American rental market, it is essential to underline that managing sales
teams is one of the critical factors affecting the revenue increase for property management
software providers. In this article, the author discusses issues of sales head management in SaaS
firms, how to increase sales headcount and some barriers the firims themselves experience due to
variations in demand, differences in the regions, and client segmentation. Existing sales labour
models rely on historical data and must be more adequate to capture the fluctuating landlord
market. ML's best solution is based on the given data to help firms predict the variability in
demand, distribute workload efficiently, and minimize churn rates. Organizations in the SaaS
segment can now classify their sales labour models with the Random Forest algorithm to
anticipate the need for hiring and cutting costs for truly sustainable growth. This article also
shows how they use machine learning to solve problems such as seasonal fluctuation, lead
quality, managing sales territories, and employee turnover. This paper confirms how the
implementation of machine learning models supports more tangible and accurate workforce
planning, cuts costs, and optimizes the sales team's performance in a highly saturated market.

Keywords: Sales headcount optimization, machine learning, SaaS, Random Forest, U.S. rentals
market, sales performance, customer segmentation, sales territory management, employee
attrition, seasonal demand, revenue growth.

I. INTRODUCTION

Managing the sales team for property management software companies is another critical factor
due to rapidly increasing competitiveness within the U.S. rental market. These firms employ
salespeople to market and sell their Software as a Service (SaaS) for property managers, landlords
and real estate investors. When renting flats and other similar properties gains or loses popularity
because of the changes in the market, salespeople need to change the amount of time and energy
they devote to acquiring rental business. The U.S. Census Bureau (2023) shows that seasonality in
rentals aggravates these features with considerable variation in occupancy rates in different
months, especially in tourist seasons.

To SaaS companies in the rental market, one of the most critical aspects is to ensure that the correct
number of sales teams is employed in the market to support demand and ensure solvency. They
noticed that when the facility is understaffed, it leads to business losses without gaining profits.
On the other hand, staffing the facility with many people leads to high labour costs and a lack of a
sure shot of getting the services back. The static nature of traditional sales management tools, such
as history or subjective estimation, does not allow for responding to constant changes in the rental
market. Real page (2022) and Zillow rentals (2023) highlight spatial differences in the demand for
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rentals, which introduce another difficulty in managing resources, especially for highly active
locations such as New York and San Francisco.

WHEN SHOULD YOU HIRE A

COMMERCIAL PROPERTY

MANAGER?

Figure 1: Commercial property management

This is where the idea of machine learning (ML) presents the possibility of creating information-
based formulas based on sales, demand, and market trends. The employment of activities such as
data mining and forecasting other demands in the sales promotional efforts can be accomplished
by using suitable ML models by property management software selling firms. For instance, the ML
algorithms can identify certain months when aspects related to rentals peak, thus ensuring that the
use of the sales force is increased during these months and remains at a reasonably low level in
other months. According to Statista (2023), it is vital to identify staffing trends that correlate with
rental seasons to mitigate any potential inefficiencies and capitalise on commercial rental market
opportunities.

The sales team's performance and talent fighting rates are highly influential in addressing labour
models. Glassdoor (2022), fatigue and high employee turnover have become rampant in sales
departments, especially in businesses that experience volatile market demands such as rentals.
Machine learning can also assist with avoiding this by identifying workload inequalities and
lessening excessive employee exhaustion by using better staffing and workload allocation. With
ML, SaaS businesses are well-placed to have the correct number of salespersons at the right time,
avoiding high employee turnover rates and possible burnout.

Table 1: Factors Affecting Sales Headcount in SaaS Companies

Factor Description
Rental Market The demand for rental properties affects the number of sales reps needed to meet
Demand targets.
Conversion Rate The percentage of leads that turn into paying customers.
Churn Rate The rate at which customers cancel their subscriptions.
Seasonality Rental demand fluctuates based on seasons, impacting staffing needs.
Revenue Goal The company’s target revenue for t}:z 55:;; influences the number of sales reps

II. SAAS SALES MODEL IN THE U.S. RENTALS MARKET: A BRIEF OVERVIEW
The Basics of a SaaS Sales Model in Rentals Rental SaaS platforms have brought significant
changes in rental property management by providing broad solutions for multiple operational
concerns such as tenant evaluation, rent gathering, maintenance tracking, and lease
administration. By relying on cloud solutions, such platforms empower property managers and
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landlords to obtain comprehensive real-time data, which helps minimize costs, increase
productivity, and generate more satisfaction in tenants. SaaS platforms share features with other
apps and programs we already have, like accounting software, customer relations management
systems, and solutions for interacting with tenants, enhancing their capabilities and becoming
critical for current rental activities.

Such platforms operate within a subscription business model, where the clients are charged
periodic fees, often annually or monthly, for the software (Gladun, 2018). This model allows
revenue forecasts to be set, yet it needs a consistent customer base to continue its growth. With the
rental market growing at this pace, the need for SaaS solutions is increasing, especially for
property owners and real estate investors who aim to use efficient and easy-to-scale tools to
manage their property portfolios more efficiently.

1. Sales Pipeline

The SaaS sales pipeline in the rental market can be understood as a set of steps to help agents
targeting property managers, landlords, and other owners of multi-family properties close a deal
(Nethercote, 2023). The pipeline often starts with lead generation for potential clients by reaching
out through various forms of marketing, including digital, webinars, trade shows and content
marketing using blogs, whitepapers, etc. Lead scoring takes place after potential clients are
determined and a list is generated. At this stage, business development representatives (BDRs) or
sales representatives use checks like the size of the potential company's portfolio, management,
and decision-making process to qualify a lead.

Through screen capturing and remote control on a lead's computer, the sales representatives offer
customized software demonstrations of the platform and its values. Such demos are usually
customized to fit the hurt. Property managers or Landlords may be experiencing the need that
they may have. Then, there is the contracting phase, where its services' scalability, features, price,
and other subscription details are determined. The type of large properties may require the
provider to offer a more tailored product, prolonging the negotiations. Last, the sale is made, the
contract is stated and signed, and the customer acquires the SaaS solution, typically using a
customer success team that leads the customer through setting everything up.

Figure 2: Cloud Computing Models

2. Revenue Growth Drivers

The following reasons lead to increased revenues for firms that deal with property management

SaaS. Customer acquisition can be a significant source of income; this is primarily an investment in

marketing and sales force. The higher the Customer Acquisition Cost (CAC), the longer it may take
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for a company to turn profitable; therefore, there is a need to optimize its sales cycle. However,
apart from acquiring new clients, selling more to existing clients always results in considerable
profit. This could include access to additional features such as more advanced analytical tools or
extra kinds of customer services. The CLV can also be extended by requiring additional and
related services, such as tenant insurance or payment methods.

Another critical factor is the declining churn rate. The problem in the subscription-based SaaS
model is the relatively high customer churn rate, which must be addressed to achieve appropriate
profitability. Reducing churn is about keeping customers interested in the software and perceiving
its value proposition as ongoing. CSMs are usually responsible for this process, tracking the
satisfaction level of customers and addressing any problems that may occur on their own (Maia,
2023). In addition to creating a barrier to churn, many property management SaaS companies
target expansion revenue model strategies, where they initially sell essential or fewer products and
services and unlimited products and services with set features but then typically increase the
number of features that clients can use as they develop their business and, therefore, need more
complex solutions.

Lifetime value (LTV)

Gross margin

revenue (MRR)

et ) -

Customer acquisition

cost (CAC)

made by :codica codica.com

Figure 3: The Ultimate Guide How to Build a SaaS Product

3. Sales Cycle

The period required to close deals in property management SaaS solutions depends on the size
and potential of the potential buyer (Li & Kumar, 2022).. Companies having multiple properties,
like multi-family or commercial real estate, typically have longer sales cycles because of the
inherent complexity and the high level of customization necessary and because there is often more
than one decision-maker. These large enterprises inherently need extended software
demonstrations, detailed POC sessions, and more time to sign contracts.

Small to mid-size property management firms have a shorter sales cycle because their decision-
making process is more convenient, and they do not require as much customization. Some of these
firms may also be more sensitive to the packaging price and may require packaging that allows
them to change at different intervals. Many SaaS businesses follow the sales pattern of finding
seasonality in the rental business because rental business is found to be high during certain
months, like spring and summer. Overall, the points exhibit how, by modifying their strategies for
these specific dichotomies, SaaS firms are placed in a firm position to exploit these market
excesses.
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Figure 4: Sales Cycle

4. Sales Team Role

SaaS companies often tailor their organizations according to the customer journey to enhance the
sales process and thus apply for specific positions. BDRs are the same as sales development reps or
SDRs, aiming to engage with possible clientele, evaluate their capability to purchase the company's
products and gain appointments with account executives. BDRs also typically concentrate more on
outbound selling techniques, such as email marketing, social media selling, and other channels for
reaching fresh clients.

Once leads are qualified, Account Executives (AEs) come into play, the goal of which is to sell the
demo, address objections, and make the sale. It is acknowledged that AEs actively control the
negotiations and sign the contracts. Customer acquisition and the management of prospects are
key responsibilities because KMIA relies on their cooperation as lead converters. After the sale has
been made, other directors, such as the Customer Success Managers CSMs, take charge of all the
ensuing processes, including on boarding, client support, and interaction. Their primary focus is
customer optimization of the software so that there is retention, with more license renewals,
additional licenses, and sales across other products.

Offline, the various sales operations teams and analysts who work in the background are precious
to the selling process (Zhang et al., 2019). They oversee customer relationship management (CRM)
and manufacture sales reports and performance assessments to confirm that salespeople and
teams achieve goals optimally.

8 REASONS TO CONSIDER
SALES OUTSOURCING

=X

Figure 5: Guide to SaaS Sales Outsourcing
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5. Additional Insights on the SaaS Sales Model

CVs are becoming the primary method of delivering turnkey sales methodologies to SaaS
companies. In the case of CRM systems, companies can analyse the lead conversion rates, the
length of the sales cycle, and churn rates and use such data as KPIs to constantly fine-tune the sales
process. The application of sales analytics allows organizational leaders to pinpoint profitable
customer niches and find out about further growth opportunities so that the company can
concentrate on high-potential fields.

Further, IAE sales techniques are also becoming popular, with automation tools and artificial
intelligence Al making their way into many SaaS businesses to supercharge the sales teams (Gupta
& Tham, 2018). These tools help perform some routine activities, like lead scoring, follow-ups via
e-mail, and even pipeline management, thus freeing the sales representatives to create more
business and close more sales. Some SaaS industries within property management also use the
“freemium” strategies or provide consumers the so-called ‘free trial period’. Such trials give
potential clients a chance to use the platform and make a purchase to engage the sales team to
change the trial users to paying ones.

When SaaS businesses grasp the different factors that characterize the SaaS sales approach in the
U.S. rental market and match their sales to growth strategies, they can generate healthy revenues
and offer useful solutions to property managers and landlords.

III. CURRENT CHALLENGES IN DEVELOPING A SALES LABOR MODEL FOR THE
RENTALS SAAS SECTOR

Managing the headcount of sales teams in the U.S. rental market is quite complex. Conventional

human capital models involve using previous records or conventional reasoning in forecasting

labour needs; hence, some firms end up employing too many workers despite low demand, or on

the other extreme, they can employ inadequate workers when demand is high. Below are some of

the most common challenges faced when managing sales teams in this sector:

1. Seasonal Demand:

The U.S. rental market can be described as highly seasonal, affecting the company's sales team.
Rental demand is high during the summer and low during the winter, leaving the sales team with
fluctuating work schedules of demand. This seasonality is mainly attributed to increased travel
during the summer period, school accomplishment and commencement of new terms, and rent of
new beginnings, respectively. Thus, depending on the season, rental activity grows by 25-30%, so
it is necessary to synchronize the sales effect, which requires increased activity.

This gives the SaaS firms in the rental industry the challenge of ensuring they adapt their sales
headcount to this annual cyclicality (Saadeldin, 2019). It results in more employees than work-
huge expenditures on employees when there is little work for them to do and demoralized
workers because few customers are coming through. On the other hand, hiring staff and having
many employees during certain months of the year could be more efficient because it may
overburden the sales department, see numerous clients and lack work during a significant part of
the year. Customers may be dissatisfied due to delays in replies. Hence, the right headcount level
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must be reached throughout the year to be profitable and sustainably provide good service.

Historical data-based conventional labour models cannot adequately capture the dynamic changes
in demand. As much as past years' information can help forecast the yearly cost and revenue based
on the seasons, the data could not incorporate specifics of the new market, like changes in rental
laws or other shocks in the economy. If no dynamic technique is applied, it becomes possible to
have an excess of boring shortage and an excess of sales representatives in a business at some
point. This results in revenue loss and customer churn, an apparent loss-making for the company's
bottom line.

To help with these issues, sales organizations use machine learning to forecast seasonal demand
and determine sales headcount accordingly. Thanks to the expanded range of factors and data
analysis based on market trends, current economic situation, and region specifics, machine
learning algorithms will offer a more accurate forecast of rental demand by the season. This
enables firms to optimize the workforce early enough so that at no point in a given fiscal year will
the firm be overstaffed or understaffed. The reflection leads to enhanced operations effectiveness,
customer satisfaction, and better distribution of responsibilities between salespeople.

Table 2: Seasonal Demand Fluctuations and Their Impact on Sales Headcount

Season Rental Activity Sales Headcount Requirement
Winter Low Decrease sales headcount
Spring Moderate Stable headcount
Summer High Increase sales headcount
Fall Moderate Stable headcount

2. Regional Variations

The U.S. rental market is in-homogeneous in that demand concentrations vary from one region to
another. Large metropolitan cities such as New York, San Francisco, and Los Angeles are generally
characterized by high population density, enhanced economic activity, and scarcity of vacant land
for housing units to develop. On the other hand, areas with fewer renters, for example, in the
Midwest, may observe lower rental activity rates, although the rental demand differs from that of
different zones. For the sales teams in the SaaS rentals market, the focus on headcount distribution
according to these regional differences is critical for achieving the highest level of sales
productivity.

Another problem when operating sales teams in different locations is the inapplicability of a
centralized labour structure (Shi & Yeh, 2023). One strategy must apply well in one region. At the
same time, in another area, it does not hold since the demand for rentals, expectations of the
customers, and conditions in the market could be different. For example, sales and marketing
executives must recruit more staff in high-density demand areas due to more clients and complex
structures of rental business. Meanwhile, lower-demand regions may require a scarcer and more
adaptable sales force. The consistent practice of a particular staffing strategy may result in cost
breakdown; in other words, it may expose one to negative consequences such as staffing over avez
or sub-optimization.
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These traditional forms of labour representation must be revised to address these variations since
they are based on legacy approaches and staffing norms (Umeh et al., 2023). Lacking region-
specific strategy, businesses are sometimes filled with too many salespeople in regions with little
demand for the firm's services; thus, the company will be covering more costs without adequately
expanding its revenue. On the other hand, staff in areas with low traffic only increases costs and
does not address the potential for lost sales in customer-rich locations due to a lack of employees
to accommodate the volume.

Machine learning gives a probable solution to this problem by processing regional data correctly to
improve the number of sales heads per region (Marr, 2019). This suggests that by including other
factors such as the regional economy, population growth rate, trends in housing and the
customers' demand trends, machine learning can accurately predict the rental demand in a region.
This helps SaaS companies to focus their sales team in the specific areas where the leads are
assuming more activity at a given time than spread the team too thin or, conversely, have too
many idle salespeople in a particular area. Its result is that the management can have a more
efficient and productive sales force in a better position to address customer needs in different
markets.

Regional Variations in the Price to Rent Ratic
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Figure 6: Housing market analysis: Understanding the Price to Rent Ratio

3. Lead Quality

To begin with, rental SaaS companies and their customers know that leads are not equal or the
same sort. Depending on the pre-qualification, some leads are closer to converting into paying
customers than others, while the sale process involves the extra step with others. Knowledge of the
characteristics of leads is essential for increasing the efficiency of salespeople's work and avoiding
unnecessary expenses. The pure lead can take more time and effort to convert, and therefore, the
buyers are often better than the pure leads because the receiving companies know that they don't
have to struggle for more extended periods. Lack of distribution focuses, thus misallocating sales
resources, results in low revenues and cost incidence due to wasted time.

There is an issue of how leads are managed in sales models: the leads are usually regarded as
equal and unified (Guenzi & Nijssen, 2023). For instance, in sales, a lot of time is spent generating
and cultivating bad leads while good prospects still need to be tapped. It is unsuitable for business
because it is a longer way of selling, fewer chances of the customer changing their mind and fewer
chances to close sales. Even a tiny improvement in the accuracy of lead prioritization can drive a
substantial improvement to total sales in an environment where the typical overall conversion rate
can vary between 3-5%.

It is thus necessary to take a more refined position in lead generation by distinguishing high-
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quality and low-quality leads to follow sales. This is where machine learning steps in to
revolutionize this process and analyse several factors that impact lead quality. Such could include
conversion rates over the period, customer profile, interaction level and other behavioural
statistics. These variables can then be entered into machine learning models to help determine
whether a given lead will likely turn into a paying customer and order theme.

Integrated into sales processes, it takes some of the guesswork out of lead prioritization and leads
salespeople to concentrate their work where it counts most — converting prospects into paying
customers — while automating lower-quality leads or relegating them to second-tier status. As a
result, working in sales team’s increases productivity, reduces time spent on non-sales generating
activities, and creates more get tingles (dto). Moreover, with the help of machine learning, the
prioritization of leads can be perfected with time depending on new data collected, meaning that
the resultant prioritization of leads always reflects actual conditions in the market and the
behaviour of customers.

4 Key Factors
In B2B Saas

Lead
Generation

ur Target Market

Your Product &
Value Proposition

Your Pricing
Model

ition

Figure 7: The Ultimate Guide To B2B SaaS Lead Generation

4. Fluctuating Conversion Rates

The rental conversion rates may vary within the United States depending on several factors
outside and within the market, such as economic forces and competitive rivalry, in addition to
alterations in the pattern of the customers' behaviour. These fluctuations pose significant concerns
for any SaaS firm wanting to achieve their sales team's best (Rrucaj, 2023). The current industry
conversion rate is approximately 3-5% for rental SaaS businesses, although this depends on the
business environment, sales techniques, and quality leads. Consequently, increasing the
effectiveness of sales personnel to get higher conversion ratios for the company is an essential facet
of determining profitability.

This is because conversion rates are directly linked to economic factors, meaning the business can
be affected by a recession or housing boom. Hypothesis 2: System and situational factors related to
a domain may affect the number of conversion opportunities. A prime example of such factors is
macro-conversion factors, whereby the number of conversions decreases during economic
differences such as credit crunches or poor economic returns due to draws in the purchase of new
technology. On the other hand, rental demand may decline during economic recessions, meaning
that SaaS firms will have more chances to make their solutions appealing to the target consumers.
This knowledge is valuable for sales representatives as they identify different market conditions
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required to maximize conversion successfully.

Another major factor associated with the variation in conversion rate is competition forces. The
rental SaaS market is competitive since many firms compete for the same clientele (Kauranen,
2023). A new market entrant or a price change by an existing competitor can influence a company's
prospect of converting its leads into customers. Today, successful SaaS has to periodically maintain
and evolve value propositions, pricing, customer engagement strategies and practices.
Consequently, failure to do so leads to reduced conversion rates and the threat of losing market
share.

This provides machine learning as a potential solution to these challenges since it entails a non-
parametric analysis of the conversion rate trends and their determinants. In this case, when
deploying predictive analytics, firms can estimate the effect of economic factors, competitors, or
consumers on short- and long-term conversion rates. This makes it possible for the sales teams to
correct the course early by, for instance, focusing on a different group of customers or offering new
price offers to retain or increase the conversion rate despite prevalent market challenges.

5. Attrition and Overwork

This paper identifies high turnover and workloads of the sales team as critical issues affecting the
US rental SaaS market (Jayasuriya, 2023). Lack of staff in a firm contributes to exhaustion and
higher turnover rates. Downward and upward-strained employees are dissatisfied at work,
unproductive, and stressed, culminating in poor team and customer relations. Because most of the
sales teams are under-resourced, the few resources they get mean that they must cover huge areas,
work long hours, deliver less and quickly get into a dangerous state of burnout.

High turnover rates act as a vice in sales teams in SaaS organizations. Implicit turnover means that
customers have unprecedented turnover not only in terms of continuity and relationship but also
costs a lot of money in recruiting, Training and on boarding new sales representatives who can
add value to their clients (Gill, 2018). A research study by Glassdoor showed that where sales
teams are understaffed, burnout is a significant reason for high turnover. This needs to be
corrected in sectors where talent is hard to come by, such as rental SaaS sectors, which require
adequately trained and experienced sales personnel.

Regarding shake and bake and overload, staffing is the solution —companies have to make sure
there is enough staff to handle the workload without burning themselves out. In this process,
machine learning can also be used to produce workload forecasts and thereby generate the
number of salespeople required to address the potential volume of sales leads. Thus, to avoid
situations when the headcount is too high or too low compared to the expected workload,
companies can cut the risk of burnout and enhance the employee turnover rate.

Machine learning can also detect potential signs of employee burnout through data about reduced
performance, delays, or lack of interactions with clients. Identifying these signs allows managers to
take efficient actions and prevent people from leaving the organization. This approach also
benefits the employees because it guarantees that the salespeople will remain productive and
motivated, positively affecting the overall efficiency and customers.
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IV. MACHINE LEARNING APPLICATIONS FOR OPTIMIZING SALES HEADCOUNT
Machine learning (ML) is considered critical to solving multifaceted issues associated with
managing the headcount of sales professionals in the U.S. rentals market (PraveenaSri et al., 2023).
This way, ML can optimize sales teams' efficacy on both performance and productivity levels
using such data insights. Recent technologies such as ML models provide the avenue to evaluate
large datasets of past data, sales performance, and market characteristics to help companies predict
market demand and manage employee usage effectively. This allows SaaS firms to avoid standard
problems such as seasonal variations, regional demand differences, and lead quality instability.
Machine learning provides an innovative solution for precision-tuning sales labour schedules and
staffing levels.

A primary use of ML is in forecasting expected sales; organizations can call up past performances
of their product or service and relevant trends such as rates of empty rentals, fluctuating property
prices and seasons. With such parameters, ML algorithms can easily find when and where demand
for rental is likely to surge. For example, the U.S. Census Bureau (2023) and Statista (2023) present
evidence that rental demand peaks in markets with high turnover in summer. An ML model could
predict these seasonal surges, allowing companies to add or remove people from sales beforehand.
For instance, a SaaS firm providing rental management software might expect that in June and
July, the demand for new software products will increase so that the company might increase the
size of its sales team. Further, it is strategic to prevent a situation where certain months will reach a
critical staffing deficiency or, on the other extreme, where staffing excess will result in inefficiency.

The sales forecast helps estimate the demand for products and services; conversely, machine
learning can help distribute workloads within the sales department. Old school compensation
strategies are usually based on an equal allocation of leads among the salespeople, then a relatively
narrow definition of the type of leads, usually with little regard for differences in sales rep activity
levels, lead quality, or the size of an average deal. Different types of performance data, such as
deal size, sales cycle time, and lead conversion ratio, can used by the ML models for real-time lead
scoring and routing to the right sales personnel. This helps because those employees making many
sales are not overloaded with many tasks to complete, while others get a chance to perform better.
According to HubSpot (2023), leads should be distributed with a focus on the working sales cycle
of potential customers and conversion rates. For instance, if an ML model records that a particular
seller has higher success in closing leads involving large property portfolios, it will feed such
clients to the specific salesman. At the same time, a different sales rep will be more suitable for
patients with small sales that require quick closure. This dynamic workload distribution is a way
of avoiding burnout among some members while enhancing team productivity.

Another key application that applies in sales team management with the help of machine learning
is churn risk prediction and subsequent retention enhancement. Customer cancellation, which can
also be referred to as churn, is always a challenge for SaaS businesses and is especially acute in the
rental segment, where customer loyalty is the key to stability in revenue. The ML models can
compute metrics from customer behaviour, product usage, frequency and renewal data to
distinguish between churn-risk customers. For instance, Glassdoor (2022) found that sales teams
with high turnover rates are typically overstretched and need more support. This helps the sales
departments to intervene early enough to help these clients remain clients by providing them with
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incentives or discounts or finding new ways of selling them other valuable service features. An
example of a machine learning model might look at the fact that the customers who deal with
fewer numbers of rentals and those customers who use fewer features are likely to cancel the
subscription. With this insight, sales teams can provide additional assistance or advertising-related
premium features to decrease churn rate and thus lessen the burden of new client acquisition on
the company. This is less stressful for sales teams and increases overall business revenue
predictability and consistency.

It can also improve the effectiveness of the sales territory optimization process to a large extent as
well. Proper control of sales territories is significant for gaining optimal coverage, especially in the
most promising territories, without overloading suitable territories with too many or too few
salespeople. By operating on data related to geography, customer placement, and selling
representatives, the models propose the most suitable territories for assignment. Real Page (2022)
shows how the demand differences between each state vary vastly within the United States, with
New York and San Francisco being hot-demand states compared to one with little to no
population. These fluctuations can be analysed by an ML model to propose territorial changes that
would allow increasing sales performances while assigning sales reps to the territories brightest
for their activities. For example, a particular model might recommend improving several reps in
significant cities with a high population. In contrast, the opposite could be done to less populated
places, thus saving the company from the costs of underutilizing resources.

Machine learning can assist businesses in increasing the efficiency of their actions based on
customer segments' optimization. The previous component critical for FCA to accurately account
for is that assorted customer segments involved in the U.S. rentals market, including small
independent landlords, mid-sized property management companies, and large multifamily
owners, demand distinct sales approaches. This is achievable because the history of the deals,
customer size, cycle length, and win rates can be achieved more effectively using the ML models.
This means that companies can be in a position to allocate the right resources and salespeople to
the proper cycles to address the different segments appropriately. For instance, data from the
National Multifamily Housing Council (2023) and Zillow Rentals (2023) indicated that big
multifamily property owners have more complicated requirements than small landlords and have
longer sales cycles than the latter. Subsequently, the application of machine learning may help
decide the appropriate measures to be taken with different categories of customers to optimize
resource allocation and the satisfaction level provided to the customers.

Adopting machine learning has many opportunities for improving sales headcount in the SaaS
market for U.S. rentals. Predictive analytics, dynamic workload, customer churn management,
efficient sales territory, and customer segmentation can significantly benefit companies and sales
forces. Whilst more competition and tension arise in the rental market, the analytical approach to
efficient workforce planning is crucial for business success and stabilizing revenues. With the help
of ML tools, SaaS firms can ease the situation regarding demand for their services, customer
loyalty, and revenue generation in a somewhat competitive market environment.
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Table 3: Machine Learning Model Features for Headcount Prediction

Feature Description
Rental Market D d e
enta frf dsx eman A metric indicating rental demand based on market factors.
A f deals cl h sal ive i i
Avg Rep Deals Closed verage number of deals closed by each sales representative in a given
month.
Conversion Rate The ratio of leads converted to paying customers.
Churn Rate Percentage of customers cancelling subscriptions.
Seasonality Factor Indicator of how seasonality affects the demand for rentals.
Revenue Goal Company’s target revenue for the given month.

V. DEMONSTRATION OF AN ML MODEL TO OPTIMIZE SALES HEADCOUNT

Turban et al. point out that applying machine learning (ML) to depict and enhance headcount sales
with a better approach can significantly improve efficiency (Schmitt, 2023). Random Forest is a
machine learning algorithm that fits several decision trees on various subsets of data and generates
the predictions by considering the averages of all the individual trees or models —the Random
Forest model is instrumental in analysing large amounts of data to discover trends and estimate
the future needs with greater precision. When the U.S. rentals market is positioned in a market
where seasonality, regional differences, and volatility are significant drivers, and a Random Forest
model can accurately weigh the numerous factors that influence sales, the size of the sales team
should also be determined. This prevents either end from hiding that companies lack enough
workforce to address high demand demands and do not need so many employees to
accommodate the lower demand times, thus ensuring maximum revenues with no incurred labour
expenses.

1. Areview of the Random Forest Model

How it Works:

Random forest is a model of decision trees trained on different data sets, giving an average of these
decision trees as its final result. It is a model that effectively captures different features that
influence sales results, hence efficiency in analysis. These features include:

A. Sales Rep Productivity: This includes the average monthly deal closure rate per Sales rep,
which gives an accurate performance figure on the field.

B. Lead Conversion Rate: As highlighted by HubSpot (2023), converting prospects is a
significant challenge because the percentage of leads yielding paying customers
fundamentally captures the efficiency of the sales team. Higher conversion rates indicate
movement patterns that may not require further staff hiring, while lower conversion rates
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point to other directions that demand additional hiring or retraining.

. Market Data: Rises and falls in rental demand and vacancy rates, coupled with average
rental prices, can be accessed from Zillow Rentals (2023) and the U.S. Census Bureau
(2023). These trends contain information from the external environment that affects sales
results. These trends are especially essential in regard to seasonal fluctuations in the
demand for services.

. Historic Sales Data: Prior monthly sales revenues, the number of deals made, and other
performance indicators are essential for the model to identify behavioural trends in sales
over the past months. Probability information is usually implied from recurrent data such
as historical sales, which can help set the demand for the forthcoming periods and staffing
needs.

Customer Churn Rate: According to Glassdoor (2022), the percentage of customers
cancelling subscriptions gives information on customer solidity. If the churn rate is high,
the sales team must be large enough to sell new clients and work on retention at the same
time; if the churn rate is low, the team does not need to spend much time on it because the
main task is to attract as many new clients as possible.

Seasonality Factors: This means issues like the number of rentals during summer and
winter should be considered. Statista noted that the seasonal trend goes a long way in
determining the demand and that there exists an ability to use the Random Forest model to
estimate how the force required in the sale headcount will be required during different
periods.

. Sales Cycle Length: The average time from lead acquisition to deal closure. Firms with long
sales cycles are likely to require personnel at stable intensity levels, while firms with short
sales cycles may require multitalented and flexible personnel.

2. Training the Model

This model is trained using performance data obtained from the exercise of previous sales records
of the company. This enables the model to discover each factor and its likelihood or, in
combination, the most reliable best estimate of sales force size for specific company revenue levels.
For instance, data from Real Page (2022) that compare the differences of regions in the United
States rent perspective will enable the model to conclude the status of the demand for rental by
region and hence assist in determining staffing levels necessary in those areas.

As CCA training occurs, the model identifies relationships between factors and sales, such as sales
per sales representative, market conditions, or customer turnover rates. The model trains to
achieve reasonable staffing levels in relation to the stars, so there is no over- or understaffing.
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Figure 9: Small Business Inventory Management
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3. Prediction

Once the Random Forest model is in place, it is possible to make further predictions of the
estimated staff workload based on the tendencies in the rental market and probable shifts in the
claim. For instance, if data from the National Multifamily Housing Council (2023) suggests that
there might be an uptick in demand in areas like New York and San Francisco, then one is likely to
expect more sales. Therefore, the model would suggest staffing up in those regions when demand
is higher to capture as many deals as possible.

Moreover, the model considers the impact of seasonality on demand by further providing an
estimate of how it is expected to grow over various seasons of the year. By integrating information
such as Statista's seasonality of rent demand (2023), the model can be used to reduce excess
capacity during low demand periods, such as the winter months, to avoid unnecessary labour
expenditures, yet the unit will be busy during other periods.

4. Optimization

The most significant advantage of the Random Forest model is that it can help determine optimal
staffing levels, recommending levels that are neither too high nor too low. After the model has
predicted the demand of the future periods, the result displayed is an ideal staffing schedule for
the subsequent period. In so doing, it avoids the pitfalls of overstaffing a particular area while
providing adequate personnel compliments to ensure maximum fulfilment of expected sales, thus
reducing any likelihood of a potential loss through inadequate sales.

For example, suppose the model projection indicates that rental activities will rise by at least 25%
in the summer. In that case, hiring an additional 15-20% of sales representatives will be necessary.
This means no time will be wasted on issues such as overstaffing at some periods with few leads
and understaffing at other periods when there are too many leads.

Further, it is also easy to imagine that the model could constantly modify based on new input data.
This enables companies to stay flexible throughout the year about their recommended headcount,
adding or reducing this as and when new market data is released. For example, if vacancy rates go
up or a competitor appears on the market, the model can adjust recommendations regarding
staffing to ensure that the sales team stays competitive.

5. Pre-Post Example Using Random Forest Model for Headcount Optimization
Let's look at an example using dummy data to demonstrate how a Random Forest model can
improve sales headcount optimization for a rentals SaaS company.

Table 4: Key Differences in Headcount Management before and After Machine Learning

Implementation
Month |Actual Headcount (Pre-ML) |Optimized Headcount (Post-ML) |Difference
January 15 14 -1
February 16 15 -1
March 16 15 -1
April 17 16 -1
May 18 17 -1
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Month |Actual Headcount (Pre-ML) |Optimized Headcount (Post-ML) [Difference
June 20 19 -1
July 21 19 -2
August 21 18 -3
September 19 18 -1

October 18 17 -1
November 17 16 -1
December 16 15 -1

Step 1: Dummy Data Creation
We'll create a dataset with the following variables that are typically used in predicting sales rep
headcount:

Table 5: Dummy Dataset for Predicting Sales Rep Headcount Based on Key Sales Metrics

Month Rental AvgRep | Conversion | Churn | Seasonality | Revenue Actual
Market Deals Rate Rate Factor Goal Headcount
Demand Closed
Index

January 0.75 12 0.25 0.10 0.80 $1M 15
February 0.78 13 0.26 0.09 0.85 $1.1M 16
March 0.82 14 0.27 0.09 0.90 $1.2M 16
April 0.90 16 0.28 0.08 0.95 $1.4M 17
May 0.95 18 0.30 0.07 1.00 $1.6M 18
June 1.10 22 0.35 0.05 1.20 $2M 20
July 1.15 24 0.36 0.05 1.30 $2.2M 21
August 1.12 23 0.34 0.06 1.25 $2.1M 21
September 1.00 20 0.32 0.07 1.15 $1.8M 19
October 0.90 18 0.30 0.08 1.00 $1.6M 18
November 0.85 17 0.28 0.09 0.90 $1.4M 17
December 0.80 15 0.26 0.10 0.85 $1.2M 16

Key columns:

e Rental Market Demand Index: A market indicator reflecting the demand for rental properties
in the U.S. This is influenced by factors like housing affordability and rental vacancy rates.

e Avg Rep Deals Closed: The average number of deals closed by each sales rep for that month.

e Conversion Rate: The percentage of leads that converted into paying customers.

e Churn Rate: The percentage of customers that cancelled their subscriptions in a given month.
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e Seasonality Factor: A value representing seasonal trends in the rentals market (e.g., summer
months may have a higher factor due to increased rental activity).

¢ Revenue Goal: the Company’s revenue target for that month.

e Actual Headcount: The number of salespeople employed during that month.

Step 2: Pre-ML Headcount Management (Before Using Random Forest)

In a pre-ML scenario, management might have simply looked at past headcount numbers and
made adjustments based on intuition or rough calculations. For example, if revenue is forecasted
to increase in June and July, they may add a few more reps without a deep analysis of productivity
data, churn, or conversion rates. As shown in the data, the headcount grew linearly from 15 in
January to 21 by July, without taking into account the actual productivity per rep or expected
churn.

Step 3: Post-ML Headcount Optimization (After Using Random Forest)

By applying a Random Forest model to this data, the company could have predicted more
accurately how many reps were needed each month to hit revenue targets, considering how
market demand, churn, and individual sales rep productivity affect the overall sales process.
Here's how the new headcount numbers might look after using a Random Forest model:

Table 6: Optimized Sales Rep Headcount Predictions Using Random Forest Model
Month Rental AvgRep | Conversion | Churn | Seasonality | Revenue | Optimized
Market Deals Rate Rate Factor Goal Headcount
Demand Closed
Index

January 0.75 12 0.25 0.10 0.80 $1IM 14

February 0.78 13 0.26 0.09 0.85 $1.1M 15

March 0.82 14 0.27 0.09 0.90 $1.2M 15

April 0.90 16 0.28 0.08 0.95 $1.4M 16

May 0.95 18 0.30 0.07 1.00 $1.6M 17

June 1.10 22 0.35 0.05 1.20 $2M 19

July 1.15 24 0.36 0.05 1.30 $2.2M 19

August 1.12 23 0.34 0.06 1.25 $2.1M 18

September 1.00 20 0.32 0.07 1.15 $1.8M 18

October 0.90 18 0.30 0.08 1.00 $1.6M 17

November 0.85 17 0.28 0.09 0.90 $1.4M 16

December 0.80 15 0.26 0.10 0.85 $1.2M 15

163



iJCEM

International Journal of Core
Engineering & Management

International Journal of Core Engineering & Management

Volume-7, Issue-06, 2023 ISSN No: 2348-9510

Key Differences Post-ML:

¢ June and July Optimization: In June, the company originally staffed 20 sales reps, but the
Random Forest model suggests that 19 would have been sufficient, saving on labor costs
without sacrificing revenue. Similarly, in July, the original headcount was 21, but the
optimized model recommends 19, further reducing costs while still achieving revenue goals.

¢ Understaffing Avoidance: In May, the original headcount was 18, but the Random Forest
model suggested an increase to 17 to handle higher demand, ensuring the company meets its
revenue target while avoiding overwork for the sales team.

The machine learning model leads to more efficient headcount allocation by analysing data
holistically rather than relying on linear trends or intuition. Over time, this approach reduces costs,
prevents missed revenue opportunities, and optimizes sales team performance.

Step 1: Importing Libraries and Loading Data

# Importing nec libraries
import pandas as pd
from sklearn.ensemble import RandomForestRegressor
from sklearn.model selection import train_test split
from sklearn metrics import mean_squared_error

# Creating a dummy aset similar to the one we discussed
data = {
Month
" [January’, 'February', 'March', 'April', 'May', 'Tune', 'Tuly', 'August’,
'September’, "October’, "November', 'December’],
'Rental Market Demand Index': [0.75, 0.78, 0.82, 0.90, 0.95,
110, 115, 112, 100, 090, 085  0.80],
, 14, 16, 18, 22, 24, 23, 20, 18,
17, 15],
'Conversion Rate': [0.25, 0.26, 0.27, .30, 0.35, 0.36, 0.34,
0.32, 0.30, 0.28, 0.26],
'Churn_Rate": [0.10, 0.09, 0.09, 0.08, 0.07, 0.05, 0.05, 0.06, 0.07,
0.08, 0.09, 0.10],
'Seasonality Factor'’: [0.80, 0.85, 0.90, 0.95, 1.00, 1.20, 1.30, 1.25,
1.15, 1.00, 0.90, 0.85],
Revenue Goal: [1.0,1.1,1.2,14,1.6,2.0,2.2,2.1,1.8, 1.6, 1.4,
1.2],
’J’-\ctual__Hcadcount‘: [15,16, 16,17, 18, 20, 21, 21, 19, 18, 17, 16]
¥

df = pd.DataFrame(data)

Step 2: Preparing Data for the Random Forest Model

Defining  feature  columns  and  target  variable

#  Splitting
X train, X test, y_train, y_test
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Step 3: Building and Training the Random Forest Model

rf model = RandomForestRegressor(n_estimators=100,
random_state=42)

rf model fit(X train, y_train)

y_pred = rf model.predict(X _test)

Step 4: Evaluating the Model’s Performance

mse = mean_squared error(y_test, v_pred)
print(f'"Mean Squared Error: {mse: 2£}")

comparison = pd.DataFrame( {' Actual Headcount": y_test, Predicted
Headcount': y_pred})
print(comparison)

Step 5: Using the Model for Future Predictions

# : headcount for a future month
future data = ({
Rental Market Demand Index
'Avg Rep Deals gsed": [
'Conversion Rate'": [
'Churn_Rate": [
'Seasonality_Factor': [
Revenue Goal': [

I
Ik
Il
I
]

1)
# headcount for the future data
predicted_headcount = rf_model.predict(future_data)

print(f"Predicted Headcount for future month:
{predicted headcount[0]:.2f}")

Example of Model Output

Mean Squared Error: 0.89

Actual Headcount Predicted Headcount

17 16.90

19.85
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VI. CONCLUSION

One compelling reason for managing sales headcount is that headcount directly impacts the top
line of business in the fiercely competitive rental market in the United States. This is because the
historical data that forms the basis for the traditional workforce planning models cannot explain
the market dynamics. Volatility in rental requirements due to time variation and regionality
complicates the sales management process. As the U.S. Census Bureau (2023) and Statista (2023)
pointed out, rental demand is typically higher in the summer and lower in the winter, setting the
tone for turnover staffing. Here is where machine learning (ML) comes into the picture as a
solution because it gives companies the more remarkable ability to anticipate such demand
changes and consequently adapt their staffing needs.

Customer segmentation is the other factor contributing to a higher degree of workforce planning
challenge in the rental market. From 'New Customer Segments for Multifamily Housing'": The
strategies for reaching out to customers such as individual landlords, mid-sized property
management firms and sizeable multifamily housing companies vary significantly. To advance,
the National Multifamily Housing Council (2023) notes that whereas more prominent property
owners come with unique requirements for products and services, small-scale clients require
essential services. Conventional tools must be prepared to sort out these segments properly so
resources are not correctly aligned. With the help of the Random Forest model, companies can
effectively use information on the number of workers required based on historical data and the
exact needs of the segments, which will increase customer satisfaction rates and the overall
conversion rate (HubSpot, 2023).

Aside from demand forecasting, utilizing ML models can also solve other significant challenges
that SaaS companies in the rental market face, such as high customer acquisition costs and churn
rates. According to Glassdoor (2022), burnout and high turnover rates among salespeople can hurt
customer loyalty. Churn prediction models created through machine learning enable organizations
to identify potential customers who are more likely to be churned, hence working towards
preventing it in the future rather than having to begin sourcing for new customers altogether. Not
only does this relieve the burden from the sales team, but it also allows companies to have reliable
revenues in a saturated market.

Second, the extent of the geographical diversification of the rental market in the United States
demands optimal control of sales territories. According to RealPage (2022) and Zillow Rentals
(2023), cities like New York and San Francisco observe higher rental demand thanies. ML models
can effectively determine the sales concentration in regions with high product demands. This cuts
out wastage, such as having many employees in certain areas that sell less than busy cities while
simultaneously making the most out of the busy cities' markets.

Machine learning is marked by an array of valuable tools that cannot be considered within the
scope of classical workflow planning approaches. While incorporating ML models such as
Random Forest, U.S. rental companies can use big data to make precise decisions about sales
headcount, utilization of sales teams, and minimizing customer attrition. On the other hand,
machine learning gives the flexibility required to match staffing levels with the changing demand,
resulting in more realistic chances of growth and profitability. This approach provides the grounds
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for the necessary contrast to participate in the rental market's continuous development while
keeping the organizational efficiency at the highest level possible.
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