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Kidney Contracting Entities (KCEs) in the CMS Kidney Care Choices Model face
simple but brutal economic problem: they bear financial risk for patients progre
to dialysis, but most discover these progressions only after they happen, when
intervention is too late and costs have already spiraled. The model’s structure cr
asymmetric risk where a single patient starting dialysis can cost a KCE $90,000-
120,000 annually in incremental spending against their benchmark, yet the typic
nephrology practice identifies high-risk progressors using clinical judgment and
static lab snapshots rather than predictive analytics. This gap represents a clear
product opportunity for a dialysis progression prediction platform that ingests
longitudinal kidney function data, calculates personalized decline trajectories, a
flags patients likely to reach end-stage renal disease within specific time window
The value proposition is straightforward: if a platform costing $8 per patient per
month helps a KCE delay or prevent dialysis initiation in just 2% of their at-risk
population through earlier intervention, the ROI exceeds 10:1 for most entity siz
The technical challenge involves building models that outperform simple eGFR
thresholds by incorporating rate of decline, proteinuria patterns, comorbidity
interactions, and adherence signals while remaining explainable enough for
nephrologists to trust and act on. The go-to-market strategy requires direct sale
the 74 KCEs through nephrology conferences and digital channels, with
implementation timelines under 60 days and immediate value demonstration thr
retrospective analysis of their own patient populations. This analysis examines w
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existing clinical tools fall short, what features drive adoption, how to build
sustainable competitive advantages, and why the total addressable market extend
beyond KCC into dialysis organizations and nephrology practices managing fee-
service populations.

- Average dialysis costs in Medicare approach $90,000-120,000 annually per pati
creating massive financial exposure for KCEs under two-sided risk

- Typical nephrology practices identify progressors reactively when eGFR crosse
thresholds rather than predicting trajectory months in advance

- 30-40% of incident dialysis patients could potentially delay initiation through e
intervention on modifiable risk factors

- Platform ROI calculation: $8 PMPM across 500 at-risk patients ($48,000 annua
versus preventing/delaying dialysis in 10 patients ($900,000-1,200,000 in cost
avoidance)

- Market extends to 7,500+ nephrology practices and dialysis organizations beyo
74 current KCEs

-----

The economics of kidney disease create a specific inflection point that dominate
financial outcomes for any organization bearing population risk: the transition f
pre-dialysis chronic kidney disease to end-stage renal disease requiring dialysis.
Before this transition, a patient with Stage 3 or 4 CKD costs Medicare perhaps
$15,000-25,000 annually across nephrology visits, labs, medications, and associat
primary care. After dialysis initiation, costs jump to $90,000-120,000 annually ju
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dialysis services, plus increased hospitalization, medication, and specialist costs 
often push total spending past $140,000.

For Kidney Contracting Entities operating under the KCC model, this transition
represents existential financial risk. A KCE managing 1,000 pre-dialysis benefici
might have 50-80 patients at high risk of progression within the next 12-24 mont
all these patients start dialysis on schedule according to natural disease progress
the KCE faces incremental annual costs of $4.5-7.2 million versus their benchma
Under the Global option with 50% downside risk, a bad progression year could c
the entity $2-3 million in losses at reconciliation.

The cruel math is that preventing progression entirely is usually impossible give
chronic kidney disease reflects permanent nephron loss, but delaying initiation b
12 months through better management of modifiable factors is achievable in a
meaningful percentage of cases. Research suggests 30-40% of dialysis initiations
happen earlier than clinically necessary, driven by factors like uncontrolled bloo
pressure, poor medication adherence, acute kidney injury episodes, or lack of
conservative management options. A KCE that identifies high-risk progressors e
and intervenes aggressively on these modifiable factors can materially change th
financial trajectory.

The problem is that most nephrology practices identify progressors reactively ra
than predictively. The typical workflow involves seeing patients quarterly, check
eGFR and creatinine, and initiating dialysis planning conversations when eGFR 
below 20 or the patient becomes symptomatic. This reactive approach misses the
opportunity for earlier intensive intervention when patients are at eGFR 25-35 a
still have time to modify their trajectory. By the time eGFR hits 15 and dialysis s
imminent, most modifiable factors have already caused irreversible damage.

The clinical tools available to nephrologists reinforce this reactive approach. Th
look at the most recent eGFR value and mentally compare it to previous values, b
they rarely calculate actual decline rates or project time to dialysis using statisti
models. Laboratory information systems show the latest result but don’t visualiz
trajectories or flag accelerating decline. Epic and other EHRs might have flowsh



showing trends, but they require manual navigation and don’t proactively alert
clinicians to concerning patterns.

This gap between reactive identification and predictive opportunity creates the
product space. A platform that continuously monitors every patient’s kidney fun
trajectory, calculates personalized time-to-dialysis predictions, and flags those at
highest risk for progression in the next 6-12 months would fundamentally chang
KCEs allocate intensive care management resources.

Building an effective progression prediction platform requires solving several di
technical problems that existing clinical systems don’t address.

Start with data ingestion and normalization. The platform needs longitudinal
laboratory results for every attributed beneficiary, ideally going back 2-3 years to
establish baseline kidney function and calculate reliable decline rates. This data
in multiple systems depending on the KCE’s infrastructure. Some operate their o
laboratories and have results in their EHR. Others use commercial labs where re
flow through HL7 interfaces. Still others rely on hospital labs that may or may n
send results electronically.

The ingestion architecture needs to handle this heterogeneity without requiring
manual data entry. For EHR-integrated labs, FHIR APIs can pull Observation
resources for relevant LOINC codes (creatinine, eGFR, cystatin C, urine albumin
creatinine ratio, etc.). For commercial labs, HL7 feeds provide structured results
can be parsed and normalized. For paper results or labs without electronic
connections, OCR of faxed reports becomes necessary, though quality suffers.

The normalization challenge involves mapping different lab methodologies and u
into comparable values. Creatinine measurements from different analyzers can v
10-15% even for the same sample. eGFR calculations use different equations (MD
CKD-EPI, CKD-EPI with cystatin C) that produce different results. The platform
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needs to either standardize everything to a single methodology or account for
methodological variation in its models.

Once normalized, the data flows into a time-series database optimized for
longitudinal clinical data. Traditional relational databases work but perform poo
for queries like “show me all creatinine values for the past 24 months for patient
with accelerating decline.” Time-series databases like TimescaleDB or InfluxDB
handle these queries much more efficiently and allow real-time trajectory calcul
across thousands of patients.

The core modeling architecture involves several layers. The foundation is calcula
individual patient decline rates using linear or nonlinear regression of eGFR ove
time. Simple linear regression works reasonably well for patients with steady dec
but many patients have episodic patterns with acute drops followed by partial
recovery. Piecewise linear models or polynomial regression better capture these
patterns.

The second layer incorporates additional clinical variables beyond kidney functi
trajectory. Proteinuria level and trend matter enormously, with patients showing
increasing proteinuria progressing faster than those with stable or decreasing lev
Hemoglobin trends indicate how well the kidneys are producing erythropoietin 
correlate with progression risk. Phosphorus and potassium elevations signal dec
kidney function and predict complications. Blood pressure control, diabetes
management (A1C trends), and medication adherence (inferred from pharmacy c
all contribute to progression risk.

The third modeling layer addresses comorbidity interactions and demographic
factors. A 75-year-old with heart failure and eGFR 25 has different progression r
than a 50-year-old with diabetes and the same eGFR. The models need age-speci
and comorbidity-specific coefficients that reflect these differences.

The output is a personalized prediction for each patient: probability of reaching
dialysis within 6, 12, and 24 months, expected time to dialysis if current trajecto
continues, and identification of modifiable factors contributing to risk. The



predictions update automatically each time new lab results arrive, creating a
continuously refreshing risk stratification.

The technical challenge is making these models both accurate and explainable. B
box machine learning models might achieve slightly better AUC scores, but
nephrologists won’t trust predictions they can’t understand. A model that says “
patient has 65% probability of dialysis within 12 months” without explaining wh
generates skepticism. Better approaches decompose the prediction into interpre
components: “current eGFR decline rate of 8 points per year plus uncontrolled b
pressure plus increasing proteinuria suggests dialysis in 14 months if trajectory
continues, with blood pressure control and ACE inhibitor optimization the prim
modifiable factors.”

The frontend needs to serve two distinct user personas with different informatio
needs. Nephrologists seeing patients in clinic need individual patient views show
detailed trajectory graphs, prediction explanations, and suggested interventions.
They’re willing to click through several screens to understand a complex case bu
want information organized around clinical decision making.

Care managers doing population outreach need sorted lists of high-risk patients
just enough information to prioritize who to call first and what to discuss. They 
need full clinical detail but do need actionable specificity, like “call about medic
adherence” versus vague “high risk patient.”

The interface design should embed graphs directly rather than requiring users t
request them. Kidney function trajectories are visual phenomena that clinicians
understand intuitively when graphed but struggle to assess from tables of numb
good patient view shows eGFR over time with trend line, confidence intervals, an
projected dialysis threshold, all on a single screen that loads in under 2 seconds.

Alert logic needs careful calibration to avoid alarm fatigue. If the system flags 40
the patient panel as high risk, it becomes noise rather than signal. Better approa
use percentile-based thresholds that flag the top 10-15% of the population by ris
score, ensuring care managers can actually follow up with everyone flagged. The



system should also suppress repeat alerts for the same patient unless their trajec
worsens substantially.

Integration with care coordination workflow matters more than most vendors re
A prediction platform that sits in isolation as a separate application gets checked
occasionally but doesn’t drive daily workflow. Platforms that push high-risk pati
lists directly into care manager task queues in their existing care coordination
software create much higher engagement.

From a data science perspective, the validation approach needs to balance
retrospective accuracy with prospective utility. Retrospective validation involves
taking historical patient cohorts, hiding the eventual outcomes, and testing whet
the model would have correctly predicted who progressed. This establishes base
accuracy metrics like sensitivity, specificity, and positive predictive value.

But prospective utility is what actually matters to KCEs. A model might be 80%
accurate at predicting 12-month dialysis risk, but if the interventions triggered b
predictions don’t actually delay progression, the accuracy is irrelevant. The valid
story needs to show not just prediction accuracy but intervention effectiveness, i
through randomized trials or quasi-experimental designs that compare outcome
populations with versus without the prediction platform.

The technical infrastructure also needs to handle the CMS data peculiarities tha
come with KCC participation. CMS provides monthly beneficiary rosters showin
current attribution and quarterly claims files showing spending details. These ar
as flat files rather than APIs, requiring batch processing rather than real-time
ingestion. The platform needs ETL pipelines that automatically ingest these files
match beneficiaries to existing patient records, and update attribution status.

Risk adjustment is a hidden technical complexity that affects model interpretati
CMS calculates risk-adjusted benchmarks using HCC codes from diagnosis claim
but these don’t perfectly correlate with progression risk. A patient might have h
HCC risk scores due to cancer or COPD that don’t accelerate kidney disease
progression. The progression model needs to incorporate diagnoses differently t



CMS risk adjustment to avoid conflating general medical complexity with kidney
specific risk.

The data storage and security architecture must meet HIPAA requirements since
platform handles identifiable patient health information. This means encrypted
databases, audit logging of all data access, business associate agreements with an
vendors or subprocessors, and regular security assessments. For startups, the eas
path is deploying on AWS or GCP using their HIPAA-compliant offerings rather
building custom infrastructure.

The scalability requirements are modest by modern software standards. Even a l
KCE with 5,000 attributed lives and 15,000 total lab results annually generates m
50 million data points over a few years. Any reasonably architected database can
handle this volume with subsecond query times. The bottleneck is usually mode
computation if you’re running complex simulations, but even that can run night
batch rather than real-time.

Electronic health records like Epic have flowsheets and reporting tools that coul
theoretically visualize kidney function trends, but they require manual navigatio
a per-patient basis. A nephrologist can open a specific patient’s chart, navigate t
flowsheet, and see their eGFR trend over time. What they can’t do is automatica
identify which patients across their entire panel have accelerating decline withou
manually checking each chart.

Epic’s population health tools include risk stratification but use generic algorith
not optimized for kidney disease. The readmission risk models focus on hospital

Why Existing Tools Don’t Solve This

Problem

Understanding why KCEs can’t already

do this with existing tools clarifies the

product’s defensibility.



patients and short-term outcomes. The chronic disease registries can segment pa
by most recent eGFR value but don’t calculate decline rates or predict progressi
timing.

Laboratory information systems display results but don’t interpret them in clini
context. A patient’s creatinine might be flagged as abnormal if it exceeds the refe
range, but the LIS doesn’t know whether 1.8 represents stable chronic kidney di
or acute deterioration. It definitely doesn’t project when that patient will need
dialysis.

General population health platforms like Arcadia, HealthEC, or i2i Population H
can ingest claims and clinical data to build patient registries, but their risk mod
claims-based and backward-looking. They identify patients with high historical
utilization or cost, which is useful but different from predicting future dialysis
initiation. Their kidney disease modules typically just pull patients with diagnos
codes or abnormal labs into a registry without sophisticated progression modelin

Some nephrology-specific EHRs like Acumen or ModMed Nephrology have disea
management features tailored to kidney care workflows, but these focus on
documentation efficiency and quality measure tracking rather than predictive
analytics. They might alert you that a patient is due for anemia management or h
had parathyroid hormone checked, but they don’t predict progression trajectorie

The dialysis organizations themselves (DaVita, Fresenius) have sophisticated ana
for managing patients once on dialysis, but they historically had little incentive t
predict or delay dialysis initiation since dialysis is their revenue source. Some ar
building chronic kidney disease programs as they enter value-based arrangemen
their tools remain primarily internal rather than sold to independent nephrology
practices.

Academic medical centers with strong informatics teams sometimes build custom
progression prediction models for their own populations, but these remain resea
projects rather than productized software. The models might be published in me
journals, but there’s no mechanism for community nephrologists to access them.



This landscape of partial solutions creates an opening for a focused product that
one thing extremely well: predict dialysis progression and make those prediction
actionable for nephrology care teams. The platform doesn’t need to be a full EHR
population health suite. It needs to solve the specific problem KCEs can’t solve w
current tools.

The pricing model needs to reflect the value created while remaining affordable
enough for nephrology practices with modest margins.

The natural pricing structure is per-member-per-month based on the number of
dialysis patients at risk for progression, not total attributed lives. A KCE with 2,
total beneficiaries might have 500-800 in the at-risk category (Stage 3b, 4, or 5 no
on dialysis). Pricing at $6-10 per at-risk patient per month creates annual contra
values of $36,000-96,000 depending on population size and pricing tier.

The value justification is straightforward math. If the platform helps delay dialy
initiation by an average of 6 months in just 10 patients annually, that saves rough
$450,000-600,000 in dialysis costs (half of annual per-patient dialysis cost times 
patients). Against a $60,000 annual platform cost, the ROI is 7-10x even with
conservative impact assumptions.

The key is making this calculation concrete for prospects during sales conversat
The pitch should include a simple calculator where you input their at-risk popu
size, assume conservative impact on a small percentage of patients, and show the
resulting cost avoidance. For skeptical buyers, offer a retrospective analysis of th
last 12 months of dialysis progressions, identifying which patients the model wo
have flagged early and estimating potential savings from earlier intervention.

The contract structure should be annual with quarterly payment to reduce
implementation friction. Most nephrology practices can commit to $15,000-25,0
quarterly payments without requiring board approval, while $60,000-100,000 up
might trigger more onerous procurement processes.

The Business Model and Unit Economic



The customer acquisition cost needs to stay below $20,000-30,000 per KCE to ac
reasonable payback periods. With 74 current KCEs and maybe 200-300 potential
expansion targets as the model grows, the total addressable market in KCC is ab
100-150 entities over the next 2-3 years. At $60,000 average contract value, that’s
million in KCC-specific revenue potential.

However, the broader market beyond KCC is much larger. There are roughly 7,5
nephrology practices in the US seeing pre-dialysis patients, and many are enterin
other value-based contracts (Medicare Shared Savings Program ACOs, Medicare
Advantage risk contracts, bundled payments) where dialysis prevention creates s
value. The pitch to these practices emphasizes quality improvement and patient 
rather than KCC-specific reconciliation mechanics, but the underlying value
proposition is identical.

Dialysis organizations represent another expansion market. Companies like DaV
and Fresenius operate chronic kidney disease clinics trying to build relationship
pre-dialysis patients before they need dialysis. Progression prediction helps thes
organizations identify patients at highest risk who would benefit from earlier
engagement. The pitch here emphasizes patient acquisition and relationship bui
rather than cost avoidance, but the tool serves both purposes.

The gross margin on a SaaS platform like this should exceed 80% after accountin
cloud infrastructure, data storage, and support costs. The primary variable costs
data ingestion and processing, which scale linearly with patient volume but rema
small per patient. A 500-patient deployment might cost $500-1,000 monthly in A
fees, while generating $3,000-5,000 in revenue.

The fixed costs include sales, implementation, customer success, and ongoing pr
development. A team of 15-20 people (5 sales, 3 implementation, 3 customer suc
engineering, 2 data science) costs roughly $3-4 million annually including benefi
overhead. This means the company needs about $4-5 million in ARR to reach
breakeven, or approximately 60-80 customers at $60,000 average contract value.



The sales motion for reaching KCEs requires understanding how these organizat
make buying decisions and who influences those decisions.

The primary buyer is typically the chief medical officer or medical director of th
KCE if it’s a nephrology practice, or the population health leader if it’s a health
system-affiliated entity. These individuals understand the financial risks of the m
and have budget authority for analytics and care management tools. The econom
buyer might be the CEO or practice administrator, but the medical leader usuall
drives vendor selection.

The influencers include the nephrologists who will use the platform in clinical
workflow, care managers who will conduct outreach to high-risk patients, and
potentially the revenue cycle team that tracks reconciliation. Getting buy-in from
three groups improves close rates, but medical director approval is typically suffi
to move forward.

The sales process should be relatively short given the clear value proposition and
modest contract sizes. A typical cycle might run 60-90 days from initial contact t
signed contract, with 3-4 touchpoints: initial discovery call, platform demo,
retrospective analysis of their data, and contract negotiation. Longer cycles sugg
misalignment on value or buying authority.

The lead generation strategy should combine direct outreach with content mark
and conference presence. Direct outreach works because the target universe is sm
and well-defined. You can literally build a list of all 74 KCEs from CMS public d
identify the medical directors through LinkedIn and practice websites, and emai
call them directly. With a focused list this small, personalized outreach outperfo
mass marketing.

Content marketing targets the same audience with educational material about d
progression risk and management strategies. Blog posts, white papers, and webi

The Go-To-Market Strategy for Reachin

Kidney Contracting Entities



that teach nephrology practices how to think about progression prediction creat
awareness and inbound leads. The content should be legitimately useful even for
practices that don’t buy the platform, establishing credibility and thought leade

Conference presence at the American Society of Nephrology annual meeting and
regional nephrology conferences puts the company in front of concentrated audi
of nephrologists and practice leaders. A booth in the exhibit hall plus sponsored
sessions or satellite symposia create multiple touchpoints. The ASN meeting alo
attracts 15,000+ attendees including most major nephrology practices.

The demo strategy needs to emphasize immediate value visualization. Instead of
generic demos with fake data, offer to analyze the prospect’s actual patient data
during the demo call. This requires having their data loaded ahead of time (with
appropriate BAAs in place), but it transforms the demo from “here’s what the
platform could do” to “here’s exactly which of your patients are at highest risk ri
now.”

The retrospective analysis is the most powerful sales tool. Take 12-24 months of 
prospect’s historical data, identify which patients progressed to dialysis, and sho
what the model would have predicted 6, 12, and 18 months before initiation. Thi
proves the model’s accuracy on their actual population and makes the value conc
rather than theoretical.

The case study development should start with the first 3-5 KCE customers. Trac
their outcomes carefully: how many high-risk patients did they identify, what
interventions did they implement, how many progression delays did they achieve
what cost savings resulted. Document these results in formal case studies with
attributed quotes from medical directors. These become the primary sales collat
for subsequent customers.

The partnership strategy could include integration partnerships with EHR vend
population health platforms, and care management companies. An integration w
Epic that allows the progression predictions to flow directly into Epic flowsheets
best practice alerts reduces implementation friction for Epic-using practices. A



partnership with a care management vendor that uses progression predictions to
prioritize their outreach creates a bundled offering.

The pricing strategy should include a low-risk pilot option for cautious buyers. O
a 90-day proof of concept at 50% of normal pricing where you implement the
platform, identify high-risk patients, and let the practice test the workflow. If th
value, they convert to a full annual contract. If not, they pay only the pilot fee. T
reduces purchase risk and increases close rates among prospects uncertain abou

The implementation process needs to deliver value within 30-45 days or custome
will lose patience. The critical path includes executing the BAA, configuring dat
feeds, loading historical data, validating patient matching, training users, and
generating the first risk stratification report. Any step that takes more than a we
suggests process inefficiency that needs fixing.

The customer success motion should focus on three metrics: platform login freq
(are care managers actually using it), high-risk patient contact rates (are they cal
the flagged patients), and progression outcomes (are interventions working). Mon
check-ins with customers review these metrics and troubleshoot barriers to adop
Quarterly business reviews with medical directors show updated ROI calculation
based on actual progression delays.

The churn risk primarily comes from KCEs exiting the KCC model entirely if th
have bad financial years or strategic shifts. Mitigation requires expanding the va
proposition beyond KCC compliance to general quality improvement and patien
making the platform valuable even outside value-based contracts.

The question every investor should ask is what prevents a well-funded competito
from replicating this platform in 12 months and undercutting on price.

Building Sustainable Competitive

Advantages



The strongest moat is accumulated training data from deployed installations. Ea
KCE deployment generates thousands of patient-years of longitudinal kidney fun
data with eventual progression outcomes. This data improves model accuracy ov
time as the models learn from a larger and more diverse training set. A competit
starting from scratch with publicly available research data will have less training
and therefore less accurate predictions.

The second moat is customer workflow integration. Once a KCE has been using 
platform for 6-12 months, it becomes embedded in care manager daily routines a
physician workflows. Switching costs include not just the direct expense of
implementing a new system but the disruption to established processes and the
retraining burden. These switching costs compound over time as the KCE builds
historical data and institutional knowledge in the platform.

The third moat is clinical credibility built through published validation studies 
medical society endorsements. A startup that publishes peer-reviewed research
showing their model accurately predicts progression in external validation cohor
gains credibility that marketing alone can’t provide. Similarly, endorsements or
partnerships with the American Society of Nephrology or National Kidney Foun
create legitimacy barriers for new entrants.

The fourth moat is go-to-market efficiency from accumulated customer referenc
and case studies. The first sale to a KCE is hard because you have no proof point
twentieth sale is easier because you can show 19 existing customers with docume
outcomes. This creates a network effect where success breeds success through
credibility.

The technical moat is admittedly modest. The underlying machine learning
techniques (regression models, gradient boosting, survival analysis) are well-
established, and any competent data science team could build comparable mode
given access to training data. The differentiation comes from nuances like how y
handle missing data, incorporate comorbidities, account for acute kidney injury
episodes, and make predictions explainable to clinicians. These details matter bu
aren’t individually defensible.



The regulatory moat is limited unless you pursue FDA clearance as a medical dev
Most prediction platforms avoid device classification by positioning themselves 
decision support rather than diagnostic tools, but this also means they have no
regulatory barrier to entry. A company willing to pursue FDA clearance could
potentially create a regulatory moat, though the time and cost might not justify t
competitive advantage.

The data moat becomes stronger over time as you accumulate proprietary datase
that aren’t publicly available. If you can negotiate data partnerships with dialysi
organizations, transplant centers, or registries to incorporate outcomes data bey
what’s in claims, your models could incorporate signals competitors can’t access
example, dialysis session attendance patterns, vascular access complications, or
transplant waitlist outcomes might predict progression risk but aren’t in standa
medical records.

The product moat grows through feature expansion based on customer feedback
initial platform predicts progression, but customers might request additional fe
like automated care protocols, patient engagement tools, or financial impact
calculations. Building these features in response to customer needs creates a mo
comprehensive platform that increases switching costs and makes the product h
to replicate.

The brand moat in healthcare develops slowly through clinical reputation and w
of-mouth among physicians. Nephrologists talk to each other at conferences and
through professional networks. A platform that works well and has strong clinic
credibility will be recommended peer-to-peer, creating organic lead generation.
Competitors have to overcome not just feature parity but social proof.

The strategic question is whether to remain a focused point solution for dialysis
progression prediction or expand into a broader kidney care management platfo
The point solution strategy keeps the product simple, implementation fast, and v
proposition clear. The risk is commoditization as competitors emerge and pricin
pressure increases.



The platform strategy expands into adjacent problems like transplant evaluation
workflows, conservative management protocols, home dialysis optimization, and
vascular access planning. This increases contract values and switching costs but 
increases complexity and slows development velocity. The right answer probably
depends on customer demand signals and competitive dynamics.

The market opportunity extends far beyond the 74 current KCEs for reasons tha
aren’t immediately obvious.

First, the KCC model is likely to expand geographically over the next few perfor
years. CMS typically starts Innovation Center models with limited participation,
evaluates results, then scales nationally if outcomes are favorable. If KCC shows 
savings and quality improvement in its first cohorts, CMS will probably open
participation to all willing nephrology practices and health systems. This could
expand the KCE universe from 74 to several hundred.

Second, commercial payers are increasingly interested in kidney disease manage
given the cost burden. Medicare Advantage plans, Medicaid managed care
organizations, and commercial insurers all see significant spending concentratio
advanced CKD populations. These payers are starting to implement kidney-focu
care management programs and would pay for progression prediction tools that 
their network nephrologists manage high-risk patients.

Third, dialysis organizations are building pre-dialysis programs to engage patien
earlier and create smoother transitions when dialysis becomes necessary. DaVita
Fresenius, and independent dialysis providers operate CKD clinics and want too
identify which patients need intensive management. The pitch to dialysis
organizations emphasizes patient retention and care quality rather than cost
avoidance, but the underlying need is identical.

Why This Matters Beyond the Kidney

Care Choices Model



Fourth, accountable care organizations beyond kidney-specific models face finan
risk from dialysis initiations in their attributed populations. Medicare Shared Sa
Program ACOs with 20,000-50,000 attributed lives might have 300-500 patients 
advanced CKD at risk for progression. These ACOs would benefit from progress
prediction even though they’re not in KCC.

Fifth, quality reporting programs increasingly include chronic kidney disease
measures, creating adoption drivers beyond financial risk. The Medicare Merit-b
Incentive Payment System (MIPS) includes CKD screening and management mea
Hospitals report on hospital-acquired acute kidney injury. These quality program
create demand for tools that identify at-risk patients and track intervention
completion.

Sixth, the research use case for academic medical centers and CKD registries cre
another revenue stream. Nephrology researchers studying progression risk facto
treatment effectiveness, or disparities need access to large datasets with detailed
kidney function trajectories. A platform that anonymizes and aggregates data ac
multiple sites could support research collaborations while generating service rev

Seventh, international expansion becomes viable after establishing US market
presence. Kidney disease is a global health problem, and many countries operate
national health systems with even stronger financial incentives for prevention th
fragmented US payers. The UK NHS, Australian Medicare, and Canadian provin
systems all would benefit from better progression prediction.

The total addressable market calculation depends on which of these expansion
opportunities you pursue. If focused narrowly on US KCEs, the market is maybe
15 million annually at current participation levels. If expanded to all US nephrol
practices in any value-based arrangement, the market grows to $40-60 million. If
including dialysis organizations and ACOs, perhaps $80-100 million. If adding
international markets and research use cases, potentially $150-200 million long-

The market timing is favorable because value-based kidney care is at an inflectio
point. CMS has made kidney disease a strategic priority with multiple models



launching simultaneously (KCC, CKCC for dialysis facilities, ETC model for
transplant centers). Commercial payers are following CMS’s lead given the
demonstrated cost concentration. The infrastructure for data exchange and risk-
bearing is maturing. These tailwinds create adoption momentum that didn’t exis
years ago.

The competitive landscape currently consists of general population health platfo
trying to add kidney-specific features versus niche nephrology tools with limited
analytics capabilities. Neither has built the precise product described here. The
window exists for a focused entrant to establish market leadership before larger
players recognize the opportunity.

The question for investors is whether this represents a venture-scale business or
lifestyle company. The base case of 100-150 KCE customers at $60,000 ACV gene
$6-9 million in revenue with 80% gross margins, which supports a nice but not
venture-scale outcome. The expansion case with broader market penetration cou
reach $30-50 million in revenue within 5-7 years, which starts approaching ventu
scale. The difference hinges on execution against expansion opportunities beyon
initial KCC beachhead.

The strategic exit paths include acquisition by an EHR vendor looking to strengt
their population health offerings, a health IT company building kidney care
capabilities, a dialysis organization vertically integrating into analytics, or a priv
equity-backed rollup of specialty care management platforms. The acquirer calc
revolves around customer relationships with nephrology practices, embedded
workflows that create retention, and proprietary data assets that improve over ti

The fundamental bet is that financial risk for dialysis progression is moving from
payers to providers through value-based care models, and providers need better 
to manage that risk than currently exist. If that thesis holds, a focused product t
solves the specific problem of progression prediction should find willing buyers 
in a conservative adoption scenario.​​​​​​​​​​​​​​​​
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