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Abstract
Insurance brokers play a critical role in connecting
consumers and employers with health insurance
plans in the United States, and their compensation
in the form of commissions significantly influences
the dynamics of the healthcare insurance market.
This paper proposes a conceptual two-stage artificial
intelligence (AI) driven framework for determining
insurance broker commissions in the U.S. healthcare
industry. The framework is designed to account
for multiple variables that are often overlooked by
traditional commission structures, including the
size of the insurance policy, the risk profile of the
client, the characteristics of the healthcare plan, and
the historical performance of the broker. In the
first stage of the framework, a data-driven model
analyzes policy-specific factors to compute a baseline
commission recommendation. In the second stage,
a subsequent AI model refines this commission by
incorporating broker-specific performance metrics,
thereby personalizing the compensation to align
with the broker’s track record and value delivery.
This two-stage approach allows for a modular and
comprehensive analysis that mirrors real-world
commission practices (such as base commissions
combined with performance-based bonuses),
but it is enhanced through AI to achieve greater
precision and adaptability. The paper details the
design of each stage and the interaction between
them, provides a mathematical representation of
the framework, and discusses how the model can
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handle complex variables inherent to the healthcare
insurance commission process. Although presented
conceptually without empirical case studies,
the proposed framework offers a blueprint for
leveraging AI in commission determination, aiming
to improve incentive alignment and efficiency in the
broker-mediated health insurance marketplace.
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1 Introduction
Insurance broker commissions are a substantial part
of the U.S [1]–[3]. healthcare insurance industry’s
administrative cost and incentive structure [4], [5].
Brokers serve as go-betweens between clients—e.g.,
employers in search of group health coverage or
individuals selecting policies—and carriers, and are
normally paid by insurers on a commission basis for
sold policies [6]–[8]. These commissions typically take
the form of a percentage of the insurance premium
or as a flat rate per-insured amount and might be
calculated based on the policy category or market
niche [9], [10]. For instance, a broker who brokers
a small-group health insurance policy will earn a
commission of about five percent of premium, whereas
in the case of large-group or specialty plans, the
commission arrangement can vary or be negotiated
on a flat per-member basis [11]–[13]. In whatever
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Figure 1. Insurance broker ecosystem showing intermediaries (brokers) connecting carriers and clients, with commission
structures based on premium percentages or fixed fees, influenced by policy types and market segments.

particular form, broker commissions are intended to
compensate brokers for their work in advising clients,
enrolling members, and servicing accounts. [14], [15]

Traditional methods of establishing broker
commissions on health insurance lean toward
the use of general rules and industry norms [16]–[18].
One-size-fits-all commission grids are typical
practice among product-line-based, mainly insurance
carrier-based firms (e.g., HMO, PPO, or dental
policy) and policy size (policyholder number or
total premium) [19], [20]. Such traditional methods,
although simple, are not necessarily likely to identify
the subtle differences between individual cases
[21]–[23]. For instance, two companies might
both pay the same amount for a health policy,
but one company’s employees might have a very
different health-risk profile from the other company’s
employees, maybe requiring more work on plan
customization and client relationships for the broker
[24], [25]. Under an average commission arrangement,
the broker would get the same per-account payment
[26], [27]. Thus, an extremely intricate health policy
with widespread coverage or a very limited network
may require more brokering and explanation from an
agent than a simple policy to read, but that intricacy
may not correspond to the commission in the way a
flat system may not realize [28]–[30].

Shortcomings in existing methodologies for the
calculation of commissions indicate a probable
market for additional advanced, data-based methods
[31]–[33]. Specifically, machine learning and artificial
intelligence methods provide a way of adding
more variables and historical information to the
commission-setting process [34], [35]. By analyzing
past insurance sales history, client results, and

broker performance data, AI systems can potentially
determine patterns that suggest when higher or lower
commissions are warranted [36]–[38]. For example, a
model AI can learn that policies sold to customers in
certain high-risk industries are more likely to require
more broker facilitation and thus slightly higher
commission will most likely be related to successful
plan implementation and retention of the customer in
such a case [39], [40]. Likewise, it may observe that
very experienced brokerswith a good name can handle
larger accounts in an efficient manner, which may
enable the insurer to remunerate them differently (e.g.,
via bonus schemes) than less experienced brokers,
who may be more dependent on strong financial
incentives to produce the same outcomes. [41]–[43]

We suggest a two-stage AI-based model for the
calculation of insurance broker commissions that
systematically integrates a variety of essential factors
into the decision-making process. The model is based
on the U.S. health insurance market, acknowledging
the industry’s nuances such as varied plan types,
price restrictions imposed by regulators (e.g., limits
on premium variation based on health status under
the Affordable Care Act), and the large role brokers
have in plan distribution. The first phase of the model
determines the specifications of all insurance policies
and client cases to generate a preliminary commission
suggestion. It uses AI to estimate such factors as
policy size (i.e., total premiums or lives covered) risk
profile of the client (predictive of future healthcare
use or claims risk), and plan features being offered
for sale (such as coverage extent, network size, or
product novelty). The output of Stage 1 is a baseline
commission value which is tailored based on the
difficulty and predicted quantity of work involved in
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Figure 2. Visualization of commission structure limitations: Standard factors (policy size/product type) fail to account for
risk profile, plan complexity, and support effort in individual employer cases.

Commission Formats in Healthcare Insurance

Policy Type Commission Type Typical Rate Risk Level Broker Effort
Small-Group Plan Percentage of Premium 5% Medium Moderate
Large-Group Plan Flat Fee per Member $20/member Low Low
Specialized Plan Negotiated Rate Varies High High

Dental/Vision Add-ons Fixed Supplement $10/member Low Minimal

Table 1. Common commission formats across healthcare insurance policy types.

the individual case under consideration.

The second phase of the model applies the baseline
commission developed in Stage 1 and modifies it
based on the previous performance of the individual
broker handling the account. This performance-based
update also considers aspects such as the broker’s
historical client retention record, portfolio growth,
customer satisfaction, and other metrics of their
effectiveness and efficiency. Taking these into account,
Stage 2 tailors the commission, i.e., two brokers
selling identical insurance policies can have varying
commission recommendations if one has a history
where they consistently provide more value or
needs a different level of incentive. In practice,
Stage 2 serves the same purpose as a performance
bonus or contingent commission, in addition to the
underlying commission: a notion already existing in
the majority of brokerage compensation arrangements
(e.g., year-end bonuses for meeting sales goals or
profit-sharing commissions on low-claim books), but
here calculated in a data-driven way by an AI model.

Union of these two periods creates a well-structured
framework which puts setting the commission into
concordance with both the detail of the insurance
transaction as well as the nature of the broker

intermediary. This kind of framework is able to
render the decision of the commission more sensitive
and more individually tailored to the condition of
each transaction. Instead of paying every broker the
same commission for a given product or by ad-hoc
agreement for exceptions, an insurer can employ
this technique to create stable but tailored offers of
commissions based on anticipated work and worth
in every sale. Additionally, through the use of AI,
the system is able to keep learning and fine-tuning
its suggestions as more information on results (like
policy persistency, claim experience, sale conversion
ratios, and broker behavior patterns) is published over
time.

Throughout the following sections, we begin by
offering background on insurance broker commissions
in healthcare and outline the key drivers that affect
commission structures. Second, we describe the
architecture of the two-stage AI framework proposed
and provide the justification for the design. We
then move on to explain the specifics of every
stage of the framework, how the models work, and
how they integrate different variables like policy
features and broker performance. We then provide a
rudimentarymathematical depiction of the framework
and demonstrate its application using an example
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Factors Influencing Broker Commission Variations

Variable Impact Example Scenario Broker Response
Workforce Risk Profile Higher Commission High-risk industry Intensive effort required

Plan Complexity Higher Commission Narrow provider network Extensive explanation needed
Account Size Lower Commission Large employer group Streamlined handling

Broker Experience Variable Bonus Veteran broker efficiency Adjust compensation strategy

Table 2. Variables influencing broker commissions and recommended broker responses.

sample situation. We then introduce the possible
implications and challenges of the proposed approach,
and close with concluding remarks, summarizing
the contributions of this conceptual framework and
possible implications and future research directions
for AI-based commission determination research.

2 Background
2.1 Broker Commissions in U.S. Healthcare

Insurance
Health insurance brokers play an important
middleman role helping employers and individuals
navigate a complex web of coverage. Brokers advise
clients on selecting a plan, negotiate on behalf of
clients with carriers, and help with enrollment and
ongoing service issues. Brokers receive compensation
for their services primarily from carriers in the form of
commissions. These commissions typically are built
into the insurance premium and are not paid out of
pocket by the client directly (specifically within the
employer-sponsored market), but ultimately such
costs are incorporated into overall premium rates.

The brokerage commission payment method of
healthcare may vary by insurer and market segment.
One general model is percentage-of-premium
commission. For example, in most small-group and
individual health insurance markets, a broker may
receive a commission that is a percentage of the
monthly premium for each policy sold or renewed.
Not only is it commonplace for such premiums to
be in the range, for example, of 3% and 7% of the
premium for employer-sponsored health insurance,
but percentages are established by each insurance
company and can be subject to competitive pressures.
In others, the percentage may fall as the policy
size (and premium) grows, on volume discount
grounds – this is true for a very high premium, big
group employer with significantly lower commission
percentage than for a small group, on the grounds
that the work in servicing one large client is less,

per-insured, than servicing many small clients to the
same volume of premiums. Conversely, very small
policies (e.g., a family or individual plan) might pay
a higher percentage commission or flat minimum
charge so that the broker is adequately remunerated
for the fixed work involved in the writing of any policy,
however small.

Yet another typical commission arrangement is
a flat fee per-member or per-employee, typically
expressed as a dollar amount per enrolled member per
month. This strategy is sometimes utilized in larger
group markets or circumstances where a fee-based
compensation is negotiated. An example is when a
broker earns a commission of $20 for every employee
eachmonth for an employer’s health plan regardless of
the premium of each employee’s selected plan choices.
These structures facilitate budgeting for the employer
and can decouple the broker’s fee from the premium
levels, thoughultimately insurers still normally finance
this out of the premium charges. A few employers
and brokers have recently also tried fee-for-service or
consulting fee structures (where the employer pays the
broker directly for their services in the form of a fee,
as opposed to a commission paid by the insurer) and
fees based on performance, but the standard remains
the traditional commission paid by insurers.

It must be noted that besides the base commissions,
insurers usually have additional tiers of broker
compensation above. These could be "override"
commissions or bonuses based on performance, tied to
general measures of performance, such as the volume
of business a broker places with the insurer within a
year, the growth in that volume, or the broker’s book
of business loss ratio (claims incurred vs. premiums
earned). For instance, an insurer might pay a 1%
bonus commission on all sales if the broker insures
over a certain number of clients or achieves a high
rate of renewal on their portfolio. These incentives
are intended to reward brokers for performance and
loyalty and to encourage them to bring in more
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business to the insurer or retain high-value accounts.
While these payments are not usually disclosed to
customers, they account significantly for a broker’s
overall compensation package and still underscore that
calculating commissions can be a multifaceted exercise
with various inputs and factors.

2.2 Factors Influencing Commission Decisions
Insurance companies traditionally consider a handful
of significant considerations in setting commission
levels, although often on a qualitative or rule-of-thumb
basis. Policy size or premium volume associated
with the sale is one of the significant considerations.
As explained, more premium policies (i.e., covering
many people or offering very extensive benefits)
generate more commission dollars in absolute terms
if a percentage rate is applied, which can justify
the application of a lower percentage rate for very
large cases to keep the broker’s total compensation
at reasonable levels. Conversely, small policies might
need a higher percentage or a flat minimum fee to
allow the broker’s compensation to compensate the
broker for time and effort. Group or policy size is also
sometimes connected with the complexity of service:
a large employer can either have multiple locations,
huge enrollment support needs, and year-round
servicing, or, alternatively, a large employer can
have an internal HR department that takes on many
tasks, making the broker’s job easier in some respects.
These nuances are not generally explicitly accounted
for in traditional commission arrangements but are
implicitly acknowledged through experience and ad
hoc modification or exceptions. Under an AI-driven
approach, these nuances can be quantifiably captured
by examining data on past cases of different sizes
and service requirements. A second important factor
is the risk profile of the client or expected health
spend level. In health insurance, especially for
employer group policies, underwriters assess the risk
profile of the group (e.g., based on demographic
information, industry type, prior claims experience
if any, etc.) in order to rate. Even though commissions
are not typically adjusted case-by-case for risk in
current practice (since they are typically set as a flat
percentage or fee), the economics of a low-risk client
and a high-risk client are quite different. A high-risk
group may be able to command a high premium
(to cover expected claims), which would increase
commission if it is a flat percentage, but meanwhile
the profit margin of the insurer on that policy may
be lower due to those higher claims. Insurers will
be tempted, in some cases, to reduce commissions on

very high-risk (and thus low-margin) cases to contain
costs, or might consider those cases as requiring
more broker effort (since high-risk populations might
need more help with plan management), and thus
a larger payment to the broker is warranted. These
are difficult considerations to balance. An AI-based
system would be capable of learning from historical
data how risk factors correlate with necessary broker
intervention or completed sales at varying commission
rates. For example, it may find that brokers were
only able to successfully place coverage for certain
high-risk groups when commission was above a
certain level, indicating the need for more incentive in
those situations, whereas for low-risk, easily insurable
groups, standard commissions were sufficient and led
to successful conclusions.

The type of healthcare plan being insured also
influences commission considerations. Health
insurance policies come in dozens of types – health
maintenance organizations (HMOs), preferred
provider organizations (PPOs), high-deductible
health plans combined with savings accounts,
comprehensive policies with large networks, limited
coverage policies, and dozens more. Certain plans
are simple to describe and manage, while others are
complex and may require more of the broker’s time to
inform the client and the workers regarding how the
plan works and to iron out issues that arise due to the
complexity of the plan. For instance, an HDHP paired
with a Health Savings Account might be unfamiliar to
some employees, requiring educational seminars and
follow-up services on the part of the broker, which
would arguably justify a higher commission than a
less complicated plan. Plans with narrow provider
networks or more aggressive cost control elements
might also generate more questions or complaints
that must be managed by the broker. Additionally,
new or innovative insurance products can mean that
the brokers will need to spend time familiarizing
themselves with the offering and marketing it. Such
plan characteristic differences are rarely explicitly
addressed in traditional commission structures—every
single plan sold by an insurer can have the same
commission rate. However, insurers do occasionally
provide special commission promotions for specific
products that they want to push (e.g., a carrier might
temporarily increase commissions on a new plan
type in order to get brokers familiar with and selling
it). This demonstrates that plan attributes do have
a little bit of applicability to commission in the real
world, albeit in an unrefined way. The proposed AI
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model would consider plan features systematically as
a component of the input to determine if the character
of a particular plan warrants an exception to the
default commission.

The most dynamic variable, perhaps, is the broker’s
previous performance. In a conventional setting, while
base commission levels are usually the same for all
brokers for a given product (to avoid preferential
treatment and because state insurance regulations
often require filing of commission schedules), insurers
differentiate brokers through the utilization of the
aforementioned bonus or override programs. A broker
who retains customers year after year (high persistency
or renewal rate), who adds a large amount of new
insureds, or who has a book of business with favorable
loss ratios (i.e., their clients, on average, cost the insurer
less in claims than expected) is more valuable to an
insurer’s business. These brokers can be indirectly
compensated with higher pay or, in some cases, given
more leeway when negotiating large accounts. On
the other hand, under-performing brokers (e.g., with
many clients that switch insurers too frequently or
whose groups have unusually high claims) cannot
be penalized via reduced base commissions (since
they are fixed), but can merely be deprived of
additional bonuses and even lose their status with
the insurer. In an AI-based commission model,
broker performance metrics can directly influence
the commission recommendation for each new policy.
The model can increase the commission offer as a
reward and to retain the broker’s interest in placing
business with that insurer (basically like providing
them with a better deal) if the broker has a good track
record. Conversely, if the broker’s track record is poor,
the model might suggest a standard commission or
only a modest increase even for a hard sell, perhaps
incorporating the fact that steering valuable clients
to top-performing brokers creates more favorable
outcomes. Performance metrics can include a wide
range of data: policies sold in the previous year, policy
retention rate, average client account growth, client
satisfaction ratings, compliance with administrative
protocols, and more. Based on learning from data, the
AI system can deduce which performance metrics are
the best predictors of future success and incorporate
them into the commission-setting logic.

Apart from these main factors, there are other
considerations that sometimes come into commission
decisions. Competition in the market is one: when
there are many insurers vying for brokers’ attention in
a line of business, some will increase commissions to

encourage brokers to prioritize their products. While
the range of our model is internal decision-making
within a single insurer, it could be broadened by
placing data on rivals’ commission levels as an input
in order to ensure the proposed commission will
enable the insurer to be competitive in obtaining
broker business for a particular product or market.
Additionally, regulatory constraints can limit or set
commissions in some cases (e.g., Medicare Advantage
plans havemaximumbroker commissions set byCMS),
but ourmodel primarily addresses the commercial and
employer markets where such limits are not uniformly
across-the-board and there is more flexibility for the
insurer to set commissions. In creating an AI-based
solution, these outside variables would be part of the
context that data the model is trained on is aware of,
even if not explicitly expressed as variables.

A broker’s fee made from brokering a health insurance
policy is a function of a vector of factors relating to the
policy itself, the type of client, the characteristics of the
product, along with attributes of the broker himself.
Traditional systems capture these factors only to a
limited degree—largely through crude segmentation
(small group vs. large group, new sale vs. renewal,
etc.) and through after-the-fact bonuses. This is an
opportunity for more nuance. Our proposed two-stage
AI design aims to formalize these influences in a
systematic way at the decision point of calculating
commission on each policy and thereby operationalize
what until now has been a composite of rigid schedules
and subjective judgment.

3 Two-Stage AI Framework Architecture
The proposed framework is defined in two successive
stages, both of which are motivated by AI techniques,
which combined give rise to the ultimate suggestion
of commission for a particular insurance policy
and broker. Literally, the procedure is similar
to the concept of a pipeline: Stage 1 feeds in
data on insurance policy and customer and outputs
a base commission figure, and Stage 2 processes
the base value (and some other broker-specific
information) and outputs a revised, final figure for
the commission. This design expressly mirrors the
practical notion of having a base commission and
adjusting performance-wise thereafter but integrates
these phases into a data-driven modeling framework.

Stage 1 has the framework focusing on policy-oriented
analysis. All the relevant inputs which define the
insurance policy and the client environment are
fed into an AI model. These inputs are like, as
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Healthcare Plan Features Affecting Broker Commissions

Plan Feature Broker Effort Typical Handling AI Proposal
High-Deductible + HSA Extra client education Standard rate Slight commission uplift
Narrow Provider Network Manage complaints Occasional bonus Modest adjustment

New Product Launch Training and promotion Temporary bonus Dynamic scaling
Complex Benefits Frequent troubleshooting Ignored Scored adjustment

Table 3. Plan-specific characteristics affecting broker compensation strategies.

Broker Performance Metrics Impacting Commissions

Performance Metric Description Impact Measurement
Renewal Rate Client retention percentage Higher bonus payouts Annual policy reports
Loss Ratio Claims vs premiums Preferential commissions Underwriting review

New Business Volume New clients added yearly Bonus eligibility Sales data analysis
Client Satisfaction Feedback scores or complaints Adjusted incentives Survey programs

Table 4. Broker performance indicators linked to commission adjustments.

Stage 1: Policy-Centric Analysis

Premium Volume

² Group Size

. Risk Profile

È Plan Features

Æ AI Model
Ð Regression Analysis

� Decision Trees
j Neural Networks

� Baseline Commission

� To Stage 2

Figure 3. Stage 1 of the proposed two-stage AI framework establishes a baseline commission by analyzing policy and
client characteristics independent of broker-specific factors.

discussed in the background, premium volume or
policy size, client’s risk profile, and key features
of the healthcare plan. The Stage 1 model can be
compared to a prediction engine that estimates the
amount of commission it would be suitable to consider
with regard to the effort and the complexity involved
based on these inputs alone. In practice, it tries to
answer: "For this policy and this client, how much

should we compensate a broker on this case, before
considering who the broker is?" The Stage 1 output is a
benchmark commission recommendation. This could
be expressed in absolute dollar terms (e.g., an annual
charge or total amount of commission) or relative
terms (e.g., a proportion of premium). The internal
workings of this model are likely to employ machine
learning techniques such as gradient boosting, decision
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Stage 2: Broker-Centric Refinement
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⋆ Performance
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Figure 4. Stage 2 of the proposed two-stage AI framework adjusts the baseline commission from Stage 1 by incorporating
broker-specific factors to produce the final personalized commission recommendation.

trees, or neural networks trained on past records of
similar policies and outcomes. The training objective
might be to predict a commission leading to effective
sales and renewals, the level of which is set high
enough to elicit broker activity but not high enough to
unnecessarily reduce the insurer’s margins. As Stage
1 is independent of any broker-specific information,
it determines the commission determination as if it
were setting an across-the-board rate for any broker
depending on the complexity and value of the case.

This stage captures the idea of a data-driven base
commission schedule that reacts to case features in
much greater detail than one-size-fits-all schedules.
Moving to Stage 2, the design incorporates the
broker-specific refinement. Stage 2 input includes
the Stage 1 baseline commission plus a set of
broker-specific performance measurements. The
second AI program adjusts the baseline commission
higher or lower (or keeps it unchanged) to create
an end outcome, separately tailored commission
recommendation for said broker in question. Stage 2
serves the purpose of making the payout personalized,
i.e., further enhancing Stage 1’s one-size-fits-all
baseline to one-size-fits-one. The form of AI
methodology used at Stage 2 could also differ from
Stage 1 because the task is different: Stage 2 could
be framed as predictive model (predicting what
adjustment leads to favorable broker behavior or

outcomes) or even as an optimization or decision
model (choosing an adjustment that optimizes some
measure of performance). As an example, a
supervised learning model in Stage 2 would be trained
on historical records where each of various brokers
were given varying commissions and then assessing
follow-up performance (did they create more business,
did the client keep, etc.), basically determining how
much influence a given extra commission makes
when transacting with brokers of varying quality.
Alternatively, one might imagine a reinforcement
learning solution in which the model "learns" either
through simulation or through repeated data how to
calculate commissions to maximize some long-term
reward (e.g., broker loyalty or total profitability of the
accounts they handle). In either case, Stage 2 generates
a commission adjustment which, when used to modify
the Stage 1 baseline, gives the final commission rate. In
practice, Stage 2 can return a multiplier (for example,
1.10 meaning give a 10% increase for this broker) or
an additive figure (for example, add $1,000) or even a
fresh rate percentage.

The exact interpretation is left to the implementation;
the idea of the framework is indifferent to that point.
The two stages are coalesced in such a way that
Stage 2 does not override the behavior of Stage 1
but enhances it. Stage 1 ensures the fundamental
features of the case are remunerated appropriately,
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and Stage 2 ensures the exact broker’s condition is
accounted for. This principle of separation of concerns
has various advantages. It is firstly straightforward
and transparent: stakeholders are able to identify
there is a commission basis of the policy as a standard
and then a divergence as a variation. If a broker or
managerwere to inquirewhy theywere given a specific
commission, the answer can be two-fold ("The basis
of this kind of policy is X, and you were given an extra
Y based on your performance metrics."). It is easier to
justify than a single black-box model that produces
a number with all considerations at once. Second,
modular design can facilitate the system’s flexibility
and maintenance. If, for instance, the insurer requires
adjusting the rewarding of broker performance (Stage
2 logic) without altering the base commission logic,
they can retrain or change Stage 2 independently
without altering the input and output interfaces.

Similarly, if the conditions in the market shift such that
total commissions need to be higher or lower, Stage
1’s training or parameters can be adjusted without
necessarily adjusting how brokers are differentiated
in Stage 2. All stages can subsequently be adjusted
on their own cycle, even by separate teams handling
separate data sets. Another benefit of the two-stage
model is in the model training and data requirements.
Stage 1 primarily requires data about policies: their
nature, what commission was offered, and what
ultimately occurred to those policies (e.g., was the
sale successful, did the client stay, did the broker
make the effort required). This set of information
may encompass a number of brokers’ experience
without needing them to be distinct, since Stage
1 is broker-agnostic. That means a larger set of
training data for Stage 1, making it more stable.
Stage 2 requires data corresponding to broker traits,
commission variation, and outcomes. By separating
the tasks, independent models can be provided with
more precise data, whichmight facilitate learningmore
efficiently.

Also, technically, two simpler models can work better
and are easier to comprehend than one complex model
trying to gobble everything up at once—this is like the
divide-and-conquer strategy, or using an ensemble of
models where each is an expert in part of the task.
Operationally, executing the two-stage model could
be as follows. Whenever a new policy sale is being
contemplated (e.g., a broker is quoting a plan to a new
customer), the system of the insurer would first gather
all relevant information about that customer and the
plan. Stage 1’s AI model, which could be deployed

as a real-time prediction service, would be invoked to
make the baseline commission recommendation. After
this, in real time, the system would build the profile of
the liable broker – along with his current performance
metrics – and enter this as well as the baseline into
the Stage 2 model. Stage 2 would then give back the
corrected rate or amount. The insurer would then
be able to present this final commission offer to the
broker as part of the offer. All this could happen in
the background within seconds, so it is possible to
apply even in live negotiating or automated quoting
situations.

In addition, when such a suggestion is proposed and
the outcome (whether the transaction was closed, the
client was retained, etc.) is observed later on, that
data can loop back into an always-learning system
to update the models in Stage 1 and Stage 2. This
manner, the system is not static; it can evolve with
the market and with clients’ and brokers’ actions,
always refining its grasp of the optimal commission
arrangements. In conclusion, the architecture of the
two-stage AI framework is structured to systematically
integrate the complexity of commission determination
by splitting it into two manageable components. Stage
1 sets a fair and case-sensitive base commission, and
Stage 2 provides broker-specific fairness and strategic
incentive alignment. The next section will provide a
more in-depth analysis of the mechanisms involved in
each phase, the types of models and analyses which
could be used, and how the variables like policy size,
risk profile, broker performance, and plan features
actually function within this system.

4 Framework Components
4.1 Stage 1: Policy-Based Commission Baseline
Stage 1 of the model is concerned with producing a
commission recommendation that is solely determined
by the features of the insurance policy and the
customer’s situation and irrespective of the broker
handling it. The outcome of this stage is the
baseline commission, the starting point before any
broker-specific adjustments. In practical terms, this
stage answers the question: "What commission would
we offer for this policy if we were dealing with an
average broker under normal circumstances?"

By isolating policy factors, the model ensures that the
underlying needs of the case aremet in the commission
offer. We can state the Stage 1 model as a function:

Cbase = f(P,R,L, Z),

9



Transactions on Artificial Intelligence, Machine Learning, and Cognitive Systems

Stage 1: Policy-Based Commission Baseline Model

õ Input Variables:

P = Policy
size/premium
R = Risk profile
indicators
L = Healthcare plan
features
Z = Contextual factors
(market segment,
geography)

Æ Model:

Cbase = f(P,R,L, Z)

Linear Implementation:
Cbase = w0 +w1 · Premium

1000
+w2 · RiskIndex+

w3 · PlanComplexity+ ...

Ð Learning Approaches:
• Decision trees:
if P < threshold1 then r1% else r2%
• Neural networks:
NN(P,R,L, Z) → Cbase
• Regression with regularization:
minw

∑
i(Ci − f(Pi, Ri, Li, Zi))

2 +
λ||w||2

� Baseline
Commission:

Cbase(percentage or
fixed amount)

. Constraints:
Cmin ≤ Cbase ≤ CmaxFloor and ceiling limits to ensure realistic
bounds

¢ Training Objective:
Maximize P (Success|P,R,L, Z,Cbase)or minimize divergence from expert decisions

� Example Application:
Case A: 200 employees, moderate

risk → Cbase = 4.5%
Case B: 20 employees, high risk,

complex plan → Cbase = 6 − 7%

Figure 5. Implementation of Stage 1: Policy-Based Commission Baseline Model. This stage employs functions to derive a
baseline commission from policy characteristics, using various machine learning approaches constrained within realistic

bounds.

where Cbase is the baseline commission (perhaps
expressed as a percentage of premium or a fixed
amount), and the inputs on the right side include P
(policy size or premium), R (risk profile indicators of
the client or group), L (features of the healthcare plan
or product line), and Z (any other relevant contextual
factors such as geographic region or market segment).
The function f encapsulates the learned relationship
between these inputs and the appropriate commission
level. In a simple linear form, one might imagine
something like:

Cbase = w0 + w1 ·
Premium

1000
+ w2 · RiskIndex
+ w3 · PlanComplexity+ . . .

where w0, w1, . . . are trained weights from evidence. A
linear model is likely to be too simplistic in practice,
but it illustrates how different factors can contribute
additively to the commission. More sophisticated
uses of f could be nonlinear, e.g., with decision trees
that apply different percentage commissions based

on different premium ranges or neural networks that
involve risk and plan feature interactions.

Stage 1 model training would take historical data on
previously sold policies. Training examples would
include ideally the policy characteristics (size, risk
profile, plan type, etc.), the commission provided (or
paid) for the policy, and an outcome measure such
as whether the sale was closed or how satisfied the
broker was (if this data is available). The model can
be trained to predict the commission level that will
most likely result in good outcomes. In the absence
of any particular outcome variable, the model can
simply be fit to mimic historical commission decisions,
in effect learning the implicit guidelines that have been
used historically by the insurer’s underwriting and
sales staff (which themselves may have been based on
experience and intuition of those determinants). Yet
the true power of an AI solution lies in the fact that
it will identify patterns not captured by linear rules.
For instance, the model might conclude that when a
client is in a high-risk business (i.e., a business that
has been associated with high medical claims) and the
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group size is medium, commissions slightly above the
standard percentage were previously associated with
winning the business. The model might then suggest
a more liberal baseline commission in similar future
cases, even if no hard-and-fast rule previously applied
to do so, effectively codifying the intuition that tough
cases need a bit more broker incentive.

A crucial aspect of Stage 1 is maintaining the baseline
commission within realistic ranges. Model f can be
designed with regularization or constraints so that it
will not suggest ridiculous values that are evidently
unacceptable (e.g., a 50% of premium commission,
or an almost $0 commission for a very difficult case).
Insurers can realistically apply a floor and ceiling
to commissions. The AI model would optimize the
commission between these two. If using a machine
learning solution, one could enforce these bounds
by clipping model outputs or introducing penalty
terms during training if the output is outside a
reasonable range. The result is that Cbase will tend
to be a plausible percentage like "4.7% of premium"
or an amount within the order of what human
decision-makers would consider believable, but with
more sophistication.

To illustrate how Stage 1 works, let us take a
hypothetical example. Suppose that an insurer is
evaluating two prospective client cases: Case A
is a medium-sized firm with 200 employees in a
moderate-risk class, seeking to purchase a standard
PPO health plan. Case B is a small firm with 20
employees in a high-risk industry (perhaps one with
dangerous work or older populations), looking at a
broad health planwithmultiple supplemental benefits.
Both cases can be quoted, say, a 5% of premium
commission by default under a generic commission
schedule. But the Stage 1 model can differentiate
between them. For Case A, with the larger size, it can
determine that a slightly lower percentage (perhaps
4.5%) is sufficient as a minimum, as the premium
volume is large and the plan is standard (broker
effort per employee is less). For Case B, the model
might recommend a higher floor (possibly 6% or 7%)
because the group is small (needing more incentive
per premium dollar to be profitable for the broker’s
time) and the client risk profile and plan complexity
suggest the broker will have to perform extra work.
These amounts are taken from the function f that
has learned from similar past instances in which
perhaps only small high-risk groups attained coverage
when brokers were assured of more-than-normal
commissions. In generating such differentiated

baselines, Stage 1 explicitly controls for variables that,
if left unaddressed, can lead to misaligned incentives
(e.g., a broker possibly neglecting a difficult small
account if the commission is not commensurate with
the effort).

It should be mentioned that the Stage 1 output is
not a be-all and end-all; it is the starting point that
assumes an average broker. But even in isolation, it
could be justified as an excellent improvement over
flat commission rules, with a form of risk-adjusted,
effort-adjusted compensation. It also sets the stage for
Stage 2, by establishing a sensible starting point that
can be refined to the individual broker.

4.2 Stage 2: Broker Performance Adjustment
Stage 2 further enhances Stage 1’s baseline commission
by incorporating broker-specific information into the
decision. The goal of this stage is to calibrate the
commission so that it is more indicative of the broker’s
historical performance and behavior. Basically, while
Stage 1 answered "how much commission is typical
for this case overall," Stage 2 answers "how should that
commission be adjusted (if at all) for the particular
broker who will handle this case?"

We denote the output from Stage 2 as Cfinal, the final
commission recommendation. Conceptually, Stage 2
applies a function g to the base commission and a set
of broker performance factors. We can write it as:

Cfinal = g(Cbase, B1, B2, . . . , Bm),

where B1, B2, . . . , Bm are various quantitative metrics
of the broker’s performance and characteristics. These
would be, e.g.,B1 for the broker retention rate of clients
(percentage retained year over year), B2 for the rate
of growth in the book of business of the broker (the
amount of new premium they brought in versus their
current book for the prior period), B3 for the average
loss ratio of the broker’s clients (as a measure of how
profitable the business they generate is for the insurer),
B4 for a quality or compliance measure (indicating
issues such as whether the broker correctly submits
business and follows processes), and B5 for the tenure
or level of experience of the broker. Also, B5 can
represent the experience or seniority of the broker.

Function g can be designed in numerous ways. One
simple method is to have g produce a multiplicative
factor on the base commission. For instance:

Cfinal = Cbase × (1 + ∆),

where ∆ = h(B1, B2, . . . , Bm) is a percentage
adjustment derived from the broker’s metrics. If h
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Stage 2: Broker Performance Adjustment Model

� Stage 1 Output:

CbaseBaseline commission

⋆ Broker Metrics
Bm:

B1 = Retention rate
B2 = Growth rate
B3 = Avg. loss ratio
B4 = Quality score
B5 =
Tenure/experience

Æ Model:

Cfinal = g(Cbase, B1, B2, . . . , Bm)

Multiplicative Approach:
Cfinal = Cbase × (1 + ∆)
where ∆ = h(B1, B2, . . . , Bm)

Linear Adjustment Model:
∆ = α0 + α1B1 + α2B2 + · · ·+ αmBm

Alternative Approaches:
Additive: Cfinal = Cbase + k(B1, . . . , Bm)

Decision Tree:
if B1 < X and B2 < Y then +Z%
else if B1 > A and B3 < B then
−W%
else standard

± Final Commission:

CfinalBroker-adjusted
commission

8 Adjustment Bounds:
−0.2 ≤ ∆ ≤ 0.2

(Typical ±20% adjustment range)
¢ Optimization Goal:

maxE[Success|Cfinal, B1, . . . , Bm]
or maxE[Profit − Cfinal]

� Example Adjustments:
Veteran broker (95% retention): ∆ = −0.05 → 4% final
New broker (75% retention): ∆ = +0.10 → 5% final

for identical policy types
Figure 6. Implementation of Stage 2: Broker Performance Adjustment Model. This stage applies mathematical functions
to adjust the baseline commission based on broker-specific metrics, using various adjustment approaches constrained

within practical bounds.

outputs 0.10, that means a +10% adjustment, so a
baseline commission of $5,000 would become $5,500.
If h outputs -0.05, that implies a 5% reduction, turning
$5,000 into $4,750. An alternative formulation is
additive:

Cfinal = Cbase + k(B1, . . . , Bm),

where k(·) yields amonetary amount to add or subtract.
The multiplicative model tends to be more natural
when operating in commission percentages, while the
additive model would be more natural if working in
flat dollars (appending a flat $500 fee for an excellent
broker to any deal). For the sake of argument, we can
consider the multiplicative model; it has the intrinsic
property of keeping proportional relationships (the
top broker gets, say, 10% more than whatever would
have been the baseline for any given scenario).

The AI aspect of Stage 2 is concerned with deciding
on what type of adjustment ∆ (or the function h in
the above example) is suitable. One way to get at this
is to look at results that are important to the insurer
and then see how they correlate with commissions
and broker metrics. As an illustration, consider if
the past experience shows that high retention brokers
(brokers retaining clients year on year) would do
well even without extra commission incentives; they
might not need a high increase in the commission to
perform well since their incentive could be service
commitment or existing revenue source. In contrast,
newer brokers or those with lower retention can
dramatically enhance their effort or focus for a client
if the commission is greater. Such a model could
go through the information and learn to recognize
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an optimum pattern, perhaps something like this:
"For a broker retaining less than 80%, the extra
15% of baseline commission was typically needed to
earn the same results in sales and retention as the
higher-retaining brokers.". If retention rate is more
than 95%, commission might even be 5% lower than
baseline and the broker would still do well. Such
a pattern, once learned, would be encoded in the
function g.

As an actual definition, consider a simplified model
where g is linear in broker features for a multiplicative
modification:

∆ = α0 + α1B1 + α2B2 + · · ·+ αmBm.

Here, α0 might be zero (i.e., no correction for
an average broker), and α1, α2, etc., are learned
coefficients by the algorithm to fit. If B1 is retention
rate (as a decimal fraction), a negative α1 would mean
greater retention results in a negative ∆ (a decrease
in commission, i.e., the broker does not need so high
a commission). Conversely, a positive α2 under the
growth rate criterion wouldmean that brokers actually
growing their book would be rewarded with a higher
commission (e.g., to incentivize and encourage their
book building). Linear model is easy to understand
but might not be capable of handling nuances – e.g.,
a broker might need to meet many requirements
(high growth and high quality scores) before a rise
is warranted, which is a nonlinear interaction.

So increasingly powerful models for g can be used,
such as decision trees to produce broker segments
(e.g., "if retention < X and growth < Y, then +Z%
commission; else if retention > A and loss ratio
< B, then -W% commission; otherwise default").
A rule-based meaning might be something like:
top-performing brokers (high retention, profitable
transaction) might dip slightly from baseline or no
adjustment, mid-ranking brokers get baseline, and
the lowest performers get increased commission to
encourage them or to pay for extra advice they might
require in order to consummate the sale. TheAI system
does not necessarily have to be manually coded with
these rules – it would learn them from results (such as
which deals were closed, which clients retained, etc.,
under what broker and commission conditions).

It should be noted that a "reduced commission" for
an elite broker is not necessarily paying them less
absolutely than a less capable broker. Because Stage 1
is already causing commissions to rise proportionally
with the case, an top-shelf broker is often dealing

with larger or more complex cases anyway and would
make more in absolute dollars on them even if this
weren’t being done. Stage 2 just nudges at the margins,
perhaps only not paying too much when unnecessary
and diverting it somewhere else where it will do more
good. In practice, an insurer could write that Stage
2 may differ only within a given range (e.g., ±20%
of base case) to achieve equity and preclude gross
inequities.

A circumstance under which Stage 2 would be
particularly valuable is if an insurer has some
old-timers and some new blood brokers. The veteran
might have many established customers and might
be working on a new customer as an accommodation
or favor; they might do it even if the commission
is slightly lower because they don’t want to lose
the relationship with the insurer or the customer.
A new broker trying to establish their reputation
might seek out higher-commission deals and might
demand that extra cash in order to spend the time
that a complex sale demands. By recognizing such
differences, Stage 2 would be in a position to offer,
for the same policy type, say a 4% commission to
the veteran (with confidence they will do all right
anyway) but a 5% commission to the rookie (to get
their attention and work). Such segmented treatment
can generate overall better outcomes for the insurer’s
sales growth and customer satisfaction, since each
broker is being suitably encouraged.

From a data perspective, training Stage 2’s model
would involve examining historical changes in broker
performance and how commissions had correlated
with success for different broker profiles. If the insurer
has experimented with different commission levels
or has seen natural experiments (e.g., changes in
commission schedules) and observed broker behavior,
those would be gold to train on. Even without direct
experiments, nature can be a source of variation
(different lines of business may have had different
commission rates) that can be informative for learning
signals. The model would attempt to optimize
something similar to the insurer’s policy success
expectation (such as sale obtained and client retained
for at least a period of X years) or insurer profit (with
commission as an expense and earned premiums as
income) by adjusting commissions. This effectively
turns Stage 2 into a mini-optimization engine upon the
base provided by Stage 1.

At deployment, following a Stage 2 recommendation
of a new commission, the insurer can communicate
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this as proposed commission to the broker. It can
be phrased in the context of an incentive program
or simply as the commission on that case. Brokers
might ultimately come to understand that their
performance influences their compensation offer. This
can have the added advantage: an incentive to
brokers to improve those performance levels (e.g.,
retention and expansion) because they realize it will
directly affect their revenue potential. However, the
system’s ultimate purpose is not to establish a reward
or punitive system in an arbitrary fashion but to
enable information to direct an optimal allocation of
commission dollars. That is, it ensures that the insurer
is investing the commission budget where it brings the
highest return in terms of business objectives.

Stage 2, combined with Stage 1, gives us the full
framework. By the end of it, we have a terminal value
of commission Cfinal which has catered to case-specific
needs as well as broker-specific circumstance. The
final counsel is now ready to be added to the company
procedure of determining the price on the insurance
offer and paying for the broker sale.

5 Analytical Formulation and Application
To formalize the two-stage model, in short, we
can consider the commission determination as a
function that ultimately depends on both policy-level
characteristics as well as broker-level characteristics.
Let X be the policy and client characteristics
(premium, risk factors, plan details, etc.) and B
be the set of broker characteristics (performance
measures and corresponding metrics). The two-stage
method, in essence, defines the commission function
compositionally:

Cfinal(X,B) = g(f(X), B).

Here, f(X) corresponds to the Stage 1 model’s output
Cbase, and g(Y,B) (with Y = f(X)) corresponds to
the Stage 2 adjustment logic producingCfinal. If we use
a multiplicative adjustment form for simplicity, this
can be expanded as:

Cfinal(X,B) = f(X)× [1 + h(B)],

where h(B) yields the adjustment factor based on
broker features (so h(B) = 0.10would mean a +10%
adjustment, etc.). This equation encapsulates the heart
of the framework: the commission is first determined
by the characteristics of the policy X , and then scaled
up or down according to the characteristics of the
broker B.

It is instructive to note that if we had chosen not
to use a two-stage approach, we would attempt to
learn a single function F (X,B) mapping all inputs
directly to Cfinal. While that is possible, the two-stage
structure g(f(X), B) provides interpretability and
mirrors domain practice (base plus adjustments).
Moreover, it allows the insurer to interpret f(X) as
the “standard” commission for a case and g or h(B) as
the deviation for a particular broker. In a fully learned
single function, these distinctions blur, which could
make it harder to justify or adjust the commission
policy.

The model presented here can similarly be used from
an optimization perspective. The insurer basically
wants to chooseCfinal whichmaximizes some outcome,
e.g., the probability of a successful sale and policy
maintenance, minus the cost of commission. The
AI functions f and g are set up to approximate
the optimal policy for computing commissions in
various situations. If we allow U(·) to be an insurer’s
objective function (e.g., something that increases with
the probability of writing profitable business and
decreases with higher commission cost), then for each
scenario (X,B) the chosen Cfinal is intended to mimic:

argmax
C

U(outcome | X,B,C)− λ[C],

where λ is a cost weighting for the commission
cost. The models f and g learn this indirectly by
observingwhat decisions led to good results in the past.
Although we do not carry out this optimization here
explicitly in our conceptual paper, establishing it in
this way helps us to see that the AI-based framework is
attempting to allocate commission resources optimally
for the outcomes from the data.

To give the operation of two-stage method some
more real-world example, let us consider an example
scenario. Let there be an insurance company dealing
with a prospective customer, and the customer is a
small technology startup company (let’s refer to the
customer as Client Z) with 50 employees. The client
has quite a healthy and young staff, but they are in
a stressful working environment that can result in
average health claims. The client is considering a fairly
large PPO medical plan with mental health and broad
provider network (which is a costly plan). From these
observations, the carrier constructs the features:

- P : Policy size = 50 employees (premium, e.g., $400
per employee per month, which is $20,000 per month
or $240,000 yearly premium). - R: Risk profile =
moderate (perhaps an actuarial risk index of 1.1,
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¢ Two-Stage Commission Framework

r Client Z
50 employees, 240Kpremium

Risk index: 1.1

y Stage 1:
Cbase = 6%
= $14, 400

¹ Broker A:
/ 97¢ Loss ratio: 0.85
✓ Established

¹ Broker B:
5 80¢ Loss ratio: 1.00
à Newer

� Adjustment:
h(BA) = −5%
� $13, 680

� Adjustment:
h(BB) = +10%
� $15, 840

± Outcome:
Same client yields

different commissions:
� Broker A: $13,680
Ç Broker B: $15,840

Figure 7. Two-stage commission framework highlighting how broker characteristics affect final commission rates.

slightly above average, to reflect some stress-related
claims potential but a young population). - L: Plan
characteristics = high coverage breadth and high
network flexibility (we can quantify this qualitatively
as a "complexity" score of perhaps 8 out of 10, since
it’s a full-coverage plan which requires description).
Plugging this X = (P,R,L) into the Stage 1 model
f(X), supposing that the AI has learned that in
instances with groups of around 50 lives and fairly
higher-than-average risk and a sophisticated plan, the
commission ought to be at the high end of the norm
to induce broker involvement, a sample output would
be:

f(X) = 0.06 (i.e., 6% of premium).

This would be equivalent to Cbase = 0.06×$240, 000 =
$14, 400 as the base annual commission for this case.
For comparison purposes, if the insurer had a general
rule of 5% for groups of this size, our model is
suggesting a bit more, likely for the complexity and
moderate risk warranting more broker effort.

And now, comparing two different brokers who might
be awarded this client:

Broker A is an experienced broker with a stellar
record: 97% retention of clients, consistently growing
her business, and with an average loss ratio on her
accounts of 0.85 (i.e., claims are 85% of premiums,
which is relatively profitable business on average).
Broker A often does not need to go after new business

aggressively; she often gets referrals due to her
reputation.

Broker B is a new brokerwithmoderate success but not
dazzling: 80% retention (a handful of clients have left
in the past couple of years), slow growth mostly due
to sheer grind prospecting, and an average loss ratio
of 1.00 (his clients’ premiums roughly equal claims,
on average). Broker B is looking to make a name
for himself and tends to chase opportunities that will
reward him nicely, since he’s just building his income
stream.

We are inputting Broker A’s figures BA and Broker
B’s figures BB into Stage 2 model. Assume that
the model h(B) (under the multiplicative adjustment
view) returns us with:
- For Broker A: h(BA) = −0.05 (i.e., -5% adjustment).
- For Broker B: h(BB) = +0.10 (i.e., +10% adjustment).

These figures fit into an explanation of how Broker
A would welcome having a bit lower in commission
since she will either close and service the transaction
efficiently anyway (perhaps because she already has
the client’s acquaintance or because she possesses
better ability), while Broker Bwould need to be pushed
in order to give the right amount of attention and to
close the deal efficiently.

Nowadjusting these: - For BrokerA:Cfinal = $14, 400×
(1 − 0.05) = $14, 400 × 0.95 = $13, 680. This is an
effective commission rate of around 5.7% of premium
for Broker A. - For Broker B: Cfinal = $14, 400 × (1 +
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0.10) = $14, 400× 1.10 = $15, 840. This is an effective
commission rate of around 6.6% of premium for Broker
B.

Therefore, in the same exact client scenario, Broker B
would be rewarded with $15,840 commission while
Broker A would receive $13,680. Broker B’s offer is
more in absolute and relative terms to incentivize a
broker who otherwise might not be as enthusiastic or
productive on this tough sale. Broker A’s bid is slightly
under the benchmark, no doubt because she might
not require so high a commission to be able to return
a good profit. To repeat, Broker A is by no means
"underpaid" in this case – even at 5.7%, she’s taking
home a staggering $13.7k on one account alone, and
her healthy portfolio quite likely earns her cash from
many other accounts. Broker B is being given another
$1,440 on top of the base to make this deal his top
priority, if it means anything to him.

What can we anticipate as a result? If the learned
patterns of the model are correct, Broker B’s extra
effort (because of the increased commission) may
make it more likely that Client Z signs up and stays
a happy customer, while Broker A would probably
have sold Client Z successfully even at the reduced
commission. In most cases, the insurer is really
investing its commission expense where it will do the
most good – paying a bit more only when needed in
order to acquire or maintain business, and paying a bit
less where the business likely would stay even without
added incentives. This can mean a cheaper growth
plan.

If we suppose a very large client (5,000 employees,
highly desirable risk profile) is on the table. Stage 1
might give a baseline commission of perhaps 3% (due
to the huge premium amount, even a small percentage
commands a massive dollar commission). And if Star
Broker A can do it, Stage 2 might drop it to 2.8%,
netting, let’s say, $420,000 instead of $450,000—Star
Broker A might not even notice the difference relative
to the size of the deal, and she already has a lot riding
on getting this kind of business. If Broker B obtains
it, Stage 2 will take it to the bottom line 3% or even
slightly higher to 3.3%, paying him maybe $495,000,
which could be a huge chance for him. In either case,
the margin is small in relation to the magnitude of the
deal, but amplified by performance.

In an applied application, the actual dollar amounts
and percentage points would be found from large
pools of data and strictly audited but the qualitative
outcome should be: commissions that adjust according

to the circumstance of the sale and behavior of the
broker, not an ad hoc instrument.

6 Discussion
The use of an AI-based two-stage commission scheme
has several consequences for the various parties
involved in the health insurance industry. A direct
consequence is that there could be more efficient
incentives distribution. By calibrating commissions
to the detail of individual sales and of each broker,
the same insurer can achieve comparable or even
superior business outcomes (in policy sales, client
retention, and profitability) without paying too much
in commission expenses. That is, the insurer is insuring
most where they are needed most. Eventually, this
cost-effectiveness would manifest in the form of less
total administrative cost or the ability to invest those
savings in such items as customer care or product
development. Brokers, on their part, would be
fulfilling a compensation formula that is responsive to
their own performance. High-end brokers see this as
a nod to their efficiency—if they are able to regularly
get the business closed and keep clients happy even
at lower rates of commission, it is a sign of their
strength in the market, and they still make money by
being able to get more volume done. Less skilled or
lower-performing brokerswould presumablywelcome
the extra commission incentives that fall their way for
difficult cases in the first place, and hopefully utilize
them as an incentive to improve their own practices.

The other main point of discussion is how this type
of framework might influence broker behavior and
market dynamics. If brokers find that particular
behaviors or performance measures (e.g., retention
rates or customer satisfaction) affect their provision
of commission, they will in turn direct more attention
to them. This can produce a virtuous cycle: brokers
competing to keep customers and deliver good service
in order to negotiate better remuneration terms, which
ultimately benefits the insurers and customers through
more sustainable long-term relationships and better
customer experiences. In fact, the system not only
reacts to broker performance but can even encourage
better performance. But care must be taken to ensure
that the metrics used actually measure good outcomes
and do not incentivize any counterproductive behavior
(e.g., a broker might overemphasize retention at
the expense of new business, if only retention is
incentivized; a balanced set of metrics inB can prevent
such traps).

The design also offers a form of personalization in B2B
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relationships that is increasingly common in many
industries due to AI: just as shoppers see tailored
pricing or promotions online, brokers (business
partners of insurers) may see tailored commission
proposals. This would strengthen alliances, as the
broker feels that the insurer is tailoring the offer
to them, as opposed to presenting them with a
take-it-or-leave-it base rate. It identifies the individual
contribution of the broker. From the opposite
standpoint, insurers would need to approach this with
some care in order tomaintain an ingredient of fairness
and transparency. Even though we have avoided
ethical and regulatory grounds, it is reasonable to say
from a business perspective that gross inequality in
proposals for commission would need to be justified
by clear inequality in situation to avoid resentment by
brokers. In the real world, insurers would typically
apply this scheme moderately—minutely up and
down—such that the overall compensation climate
remains level and equable but continues to leverage
on having the degree of fine tuning. AI technology
is capable of being conservative on adjustments
especially for roll-out onset and learning throughout
from the optimum sizes of the adjustment that produce
payoff without inconvenience.

Technically, an issue and area of contention is
data and model management. To employ the
two-stage framework, the insurer would need to
gather high-quality historical data on policies, broker
performance, commissions, and outcomes. Data
silos would need to be broken down: often, broker
performance data will be in a separate system than
policy underwriting data or sales data. Sustaining
these collectively for modeling purposes is a not-trivial
undertaking. Furthermore, the models themselves
need to be monitored over the course of time. If there
is a change in the health insurance market (e.g., new
legislation in broker compensation or modifications in
the broker function as a result of direct-to-consumer
online selling), the AI models need to be re-trained
or calibrated for them to perform. Fortunately, its
modular design is such that one module can be
rewritten in isolation—stage 2 can be trained again
if behavior shifts at brokers without the need to retrain
stage 1 as long as the underlying relationship between
policy factors and necessary commission (stage 1) does
not change, and so forth [44], [45].

Of further interest are how scalable and generalizable
this framework is. While we used it in the
context of U.S. health care insurance, the two-stage
commission-setting model could be applied to other

segments of insurance or even to other markets where
there are agents or intermediaries who get paid. For
example, property insurance brokers or life insurance
agents could also benefit from a more advanced
commission structure. The Stage 1 and Stage 2
variables would differ (for life insurance, for example,
the client’s mortality risk, etc.), but the concept of
breaking down the decision into a case-base and
an agent-adjustment would be applicable. Such a
system could conceivably accommodate future trends
in healthcare as well, such as expansion of digital
brokerages or broker services via artificial intelligence;
even those could be "graded" for performance and
given appropriate commission incentives.

In rolling out such a system, insurers could take a
staged approach: use the AI system as a guide within,
and human judgment at first, compare outcomes,
and gradually learn to trust the model. Over time,
with growing confidence in the AI recommendations,
it could be tasked with determining commissions
increasingly independently. This phased-out method
would be a gradual way to obtain the benefits
of the framework without restricting disruption.
Throughout, the overriding guideline needs to be
that the AI-driven framework is a tool for enhancing
decision-making, and not of replacing strategic
management [46], [47]. If used judiciously, it can
provide insights (such as which kinds of cases have
been under- or over-incentivized in the past) and refine
the broker compensation strategy in a manner that is
evidence-based and aligned with the insurer’s goals.

7 Conclusion
The present paper presented a conceptual framework
to determine insurance broker commissions in the
U.S. healthcare industry through a two-stage artificial
intelligence-based method. By dividing the process
of commission determination into a policy stage
and a broker stage, the framework systematically
combines a full range of variables that influence
commission requirements. The first step establishes
a base commission that suits the specificities of the
health insurance policy and client, considering the
policy size, client risk profile, and type of healthcare
plan. The second step modifies this offer according
to the previous performance of the broker in order to
ensure that the final commissionwill be in linewith the
capabilities demonstrated by the broker and incentive
requirements

Targeting the U.S. context of the healthcare system,
we confronted the complexity and diversity in health
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Impact of AI-Driven Commission Model on Stakeholders

Party Benefit Challenge Note
Insurers Cost efficiency Fairness management Lower admin costs

High Performers Recognition, growth Maintain service quality Higher volumes achievable
Low Performers Incentive to improve Risk of dependency Targeted support needed

Clients Better service Risk of metric imbalance More sustainable policies

Table 5. Impacts of AI-based commission schemes on different stakeholders in the healthcare insurance system.

Predicted Broker Behavior Under AI Commission Model

Behavior Motivation Risk Management
Focus on Retention Bonus on renewals Neglect of new sales Balanced metrics
Service Quality Push Satisfaction scores matter Gaming feedback Robust surveys
Volume Expansion Reward for new business Lower deal quality Quality checks

Risk Selection Favor stable groups Skewed target market Diversity incentives

Table 6. Expected broker behavioral shifts in response to AI-driven commission adjustments.

insurance distribution. In the field, brokers have been
compensated on relatively inflexible structures, but
the insurance-selling is full of nuances – smaller or
riskier accounts might require more broker effort, and
brokers are heterogeneous in efficiency andmotivation.
The proposed AI system includes these nuances: Stage
1 covers the understanding that different insurance
scenarios need different rates of commission, and
Stage 2 includes a customized element that rewards or
incentivizes brokers in a suitableway. This architecture
captures usual industry norms (e.g., base commissions
plus bonus incentives) but applies data and machine
learning to calibrate those componentsmore accurately
than is typical.

One of the advantages of this two-stage approach is its
transparency and flexibility. Both stages can be defined
and interpreted separately, allowing stakeholders to
see the rationale behind a commission rate. The
use of AI means that as market conditions change
or new information is introduced, the models can
learn and revise the commission recommendations,
potentially leading to optimally optimized outcomes.
If new types of health plans are created or broker
behavior changes, the framework is flexible enough to
accommodate those changes by amending the Stage
1 or Stage 2 models, respectively. Furthermore, by
allocating commission funds in a targetedway – giving
more where it adds greater value and less where it is
not required – the system could help insurers maintain
better control of their distribution costs while still

enjoying broker engagement and satisfaction.

This is theory work and presents a model rather than
a report of empirical results. The next steps towards
application in the real world would involve gathering
the data required, training the machine learning
algorithms, and verifying the recommendations of
the framework against real-world results. Problems
such as insurer process integration and transparency
to brokers would be important to take-up, but those
were beyond the scope of this paper. Still, the model
provides a foundation for viewing broker commissions
as a variable, data-based solution rather than an
inflexible cost.
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