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Abstract—The Medicare Physician Fee Schedule provides an administrative reference for physician payment, but fee-schedule
values and historical averages are retrospective and may not capture nonlinear, geographic, specialty-specific, setting-specific, and
utilization-related changes that influence future observed allowed amounts. This study evaluates whether machine-learning and
conventional models can predict next-year service-weighted average Medicare allowed amounts for high-volume evaluation-and-
management services more accurately than predetermined fee-schedule and historical benchmarks. Publicly available Centers for
Medicare & Medicaid Services (CMS) Medicare Physician and Other Practitioners data and Physician Fee Schedule files from
2018-2024 were used. The analysis was restricted to participating individual physician billing for HCPCS 99213 and 99214
across the 50 U.S. states and the District of Columbia, separated by facility and non-facility setting. Groups required at least 100
services and five unique clinicians. Models were developed on earlier years, selected using 2023 data, and evaluated on a sealed
2024 test set. Histogram gradient boosting (HGB), random forest, ridge regression, pooled-history, recent-year-history, and
fee-schedule-reference approaches were compared using service-weighted mean absolute error (WMAE). The final 2024 cohort
contained 6,829 eligible groups representing 117,969,671 services. HGB achieved the lowest WMAE at $0.829 per service,
compared with random forest at $1.173, ridge regression at $1.650, pooled history at $1.884, recent-year history at $1.907, and
the fee-schedule reference at $4.803. Relative to ridge regression, HGB reduced WMAE by 49.7%, with a state-block bootstrap
difference of -$0.821 per service (95% CI: -$1.172 to -$0.563). HGB improved WMAE in 49 of 51 jurisdictions, with at least
5% improvement in 47. These findings support temporally sealed, group-level machine-learning forecasting of Medicare allowed
amounts for the evaluated services while not establishing claims-level accuracy, causal effects, or future official CMS payment
decisions.
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1 Introduction missed by simpler specifications [4].

A central methodological requirement is to distinguish
exploratory model development from confirmatory future-
year evaluation. Preregistration and protocol prespecification
are intended to reduce undisclosed analytical flexibility and
strengthen interpretability of confirmatory findings [5, 6]. This
consideration is particularly relevant to temporal prediction,
because access to the eventual test-year outcome during model
tuning can introduce leakage and yield optimistic performance
estimates.

The study therefore addresses a specific predictive question:
whether frozen models can forecast the next year’s group-
level Medicare allowed amounts for HCPCS 99213 and 99214
more accurately than prespecified administrative and historical
comparators. The primary objective is to compare machine-
learning models with conventional benchmarks on a sealed
2024 test year. Secondary objectives are to compare HGB, ran-
dom forest, and ridge regression, evaluate performance across
facility and non-facility settings, examine geographic hetero-
geneity across the 50 states and the District of Columbia, and
quantify uncertainty through state-block bootstrap intervals.

The confirmatory hypothesis was specified before the sealed
2024 outcomes were evaluated. HGB was compared with

Medicare physician services are reimbursed under the Physi-
cian Fee Schedule (PFS), in which work, practice-expense,
and malpractice relative value units are converted to dollar
payments after geographic adjustment and application of a
national conversion factor. National health expenditure pro-
jections continue to show the scale and policy importance of
Medicare and physician-service spending [1]. However, the
observed Medicare allowed amount for a service group is not
identical to a single administrative schedule value and can vary
with procedure mix, specialty, geography, setting, and utiliza-
tion. Recent Medicare reimbursement analyses also document
temporal and geographic variation in payment patterns [2].

Historical averages and fee-schedule references are straight-
forward and interpretable, but they are primarily backward-
looking. They are not designed to model nonlinear changes
among code, specialty, state, setting, and time. In broader
U.S. health-expenditure forecasting, machine-learning and sta-
tistical forecasting combinations have been investigated as
flexible alternatives to purely conventional models [3], while
machine-learning studies of health expenditure have shown
that nonlinear methods can capture relationships that may be
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ridge regression, and success required both a relative WMAE
reduction of at least 5% and a paired 95% confidence interval
for the HGB-minus-ridge WMAE difference that excluded
zero in the favorable direction. This design separates model
selection from final evaluation and limits interpretation to the
prespecified group-level prediction task.

2 Related Work

Medicare physician payment is an administered system
rather than a market-price mechanism. Policy analyses have
described structural limitations in the PFS and the interaction
between fee-for-service valuation and value-based payment [7].
Statutory budget-neutrality requirements and shifts in service
volume can also redistribute payments among provider types
and specialties [8]. Consequently, observed allowed amounts
reflect policy, geographic adjustment, provider composition,
and utilization rather than a single unconstrained market value.

2.1 Payment Variation and Predictive Reimbursement Model-
ing

Payment variation is particularly relevant when technology,
service delivery, or procedure mix changes over time. Medi-
care’s approach to payment for artificial-intelligence-enabled
services illustrates how evolving clinical technology can chal-
lenge existing fee-for-service structures [9]. A recent Medicare
reimbursement preprint proposed a machine-learning pipeline
for predicting changes across multiple fee schedules [10]; be-
cause it remains a preprint, it is treated here as supporting
context rather than definitive peer-reviewed evidence.

Predictive modeling has also been applied to diagnostic and
billing-code prediction from clinical documentation [11] and
to multimodal financial-risk modeling for bundled payments in
spinal surgery [12]. These studies demonstrate that structured
and unstructured healthcare data can support payment-related
predictive tasks, although their outcomes and units of analysis
differ from Medicare group-level allowed amounts.

2.2 Machine Learning Versus Conventional Statistical Models

Comparative claims-based research has shown that tree en-
sembles can outperform conventional models in nonlinear
prediction settings. Langenberger et al. compared random for-
est, gradient boosting, neural-network, and logistic-regression
approaches for predicting future high-cost patients [13]. Re-
lated work has used electronic health-record behavior and
administrative variables to predict physician departure, further
illustrating the value of nonlinear interactions in operational
health data [14]. These findings motivate the use of HGB and
random forest as nonlinear comparators while retaining ridge
regression as a regularized additive benchmark.

2.3 Temporal Validation and Model Drift

Future-year prediction requires evaluation under temporal
change. Performance drift has been documented in machine-
learning models for cardiac-surgery risk prediction, where
temporal shifts affected model performance [15]. Longitu-
dinal evaluation across hospitals likewise shows that clinical
prediction models can experience changes in calibration and
utility as data distributions evolve [16]. Although the present
outcome is administrative rather than clinical, the underlying
methodological principle is the same: a model intended for
future-year use should be evaluated on data that occur after
model development and selection.

2.4 Research Gap

Existing work provides strong foundations for Medicare pay-
ment policy, health-cost prediction, and temporal validation,
but the source literature does not establish a same-cohort com-
parison of fee-schedule, historical, regularized-linear, random-
forest, and histogram-gradient-boosting approaches for next-
year group-level Medicare allowed amounts under a sealed na-
tional test year. The present study addresses that methodologi-
cal gap using a single eligibility definition, common outcome
metric, prespecified comparators, and temporally separated
final evaluation.

3 Materials and Methods

The study used a multiyear retrospective design with tempo-
rally separated model development, selection, and final valida-
tion. Public CMS Medicare Physician and Other Practitioners
data were combined with Physician Fee Schedule reference
information for 2018-2024. The design follows general recom-
mendations that prediction modeling clearly separate develop-
ment from validation and report performance under conditions
that approximate future use [17].

3.1 Data Sources and Cohort Construction

The outcome source was the CMS Medicare Physician and
Other Practitioners Public Use File. Available fields included
National Provider Identifier, state, ZIP code, provider specialty,
HCPCS code, setting, service count, and average Medicare
allowed amount. The administrative reference source was the
quarterly PFS relative-value-unit release, with ZIP-to-locality
information used to associate records with applicable geo-
graphic references. Open healthcare data have previously been
used to develop interpretable forecasting models for healthcare
costs [18].

The analysis was restricted to HCPCS 99213 and 99214
billed by participating individual physicians in the 50 states
and the District of Columbia. Records failing specialty, par-
ticipation, ZIP/locality, rate-state, or geographic checks were
excluded. Remaining records were aggregated into Year x
HCPCS x Specialty x State x Setting groups. A group was el-
igible only when it represented at least 100 services and at least
five distinct billing NPIs. Minimum-count filtering reduces
instability in sparse administrative groups and is consistent
with the general need to control low-support observations in
claims modeling [13, 19].

The same grouping rules were applied to development, se-
lection, and final test years. For 2024, the initial retrieval
contained 994,488 provider-service rows representing approx-
imately 170.1 million services. After record-level screening,
603,168 rows representing about 118.5 million services re-
mained for aggregation. A total of 9,556 candidate groups
were formed, of which 6,829 met both eligibility thresholds
and represented 117,969,671 services. Table | summarizes
this construction before the final cohort is used in model eval-
uation.

The cohort construction yields four HCPCS-by-setting strata
across 51 jurisdictions. All confirmatory comparisons reported
below use this same eligible population so that differences in
WMAE reflect prediction performance rather than changes in
sample composition.
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Table 1. 2024 confirmatory-cohort construction and exclusions.

Stage Rows/groups  Services (approx.)
Initial 2024 retrieval 994,488 rows 170,077,047
After specialty, participation, ZIP/locality, rate-match, and geo- 603,168 rows 118,541,272
graphic checks

Candidate groups formed before thresholds 9,556 groups -
Eligible groups in final confirmatory cohort 6,829 groups 117,969,671
Excluded below 100-service or 5-NPI threshold 2,727 groups -

3.2 Outcome, Predictors, and Prediction Target

The prediction target was the service-weighted group mean
Medicare allowed amount. Predictors included year, HCPCS
code, specialty, state, setting, and the applicable fee-schedule
reference. The models predicted the relationship between
observed allowed amount and the administrative reference,
with the future-year reference incorporated when generating
the next-year estimate. Training weights used service counts
and reference information, whereas final evaluation weights
were based on service counts.

3.3 Predictive Methods and Comparators

Six prespecified approaches were evaluated: HGB, random
forest, ridge regression, pooled-history prediction, recent-year-
history prediction, and direct fee-schedule reference. Histor-
ical rules used hierarchical fallback logic when fine-grained
groups did not meet support requirements. Ridge regression
used one-hot encoded categorical variables with o¢ = 10. Ran-
dom forest used 350 trees, a minimum leaf size of 5, and 80%
feature subsampling. HGB used 300 iterations, learning rate
0.05, 31 leaves, minimum leaf size 20, and L2 regularization.
Tree ensembles were included because they can represent non-
linear interactions that are difficult to express with additive
linear models [13].

3.4 Temporal Development, Selection, and Protocol Freeze

Expanding-year development evaluations were conducted
through 2022, and 2023 was used for final model selection.
The 2024 outcome was kept sealed until eligibility rules, pre-
dictors, comparators, metrics, bootstrap strategy, decision
threshold, and analysis code were frozen. This chronology
follows the broader principle that model evaluation should
reflect data not used during tuning or model choice [17, 20].

3.5 Evaluation Metrics and Statistical Uncertainty

The primary metric was service-weighted mean absolute
error. Equation | defines the metric used for all confirmatory
comparisons:

Zg Sg ’

where g indexes eligible groups, s, is service count, y, is the
observed group mean allowed amount, and J, is the predicted
amount. Secondary metrics were signed error and unweighted
group MAE. The confirmatory contrast was HGB WMAE
minus ridge WMAE, accompanied by a paired 95% interval
from 2,000 state-block bootstrap resamples. Reporting interval
estimates in addition to point performance follows recommen-
dations for evaluation of prediction models [20].

The relative WMAE reduction used in the confirmatory

WMAE = 1)

decision is defined in Equation 2:

WMAE;jgec — WMAEgGs

R =100 x
WMAE;;ge

2

This percentage was interpreted together with the absolute
bootstrap difference; neither measure was treated as evidence
of a causal payment effect.

3.6 Subgroup, Geographic, and Reproducibility Analyses

Prespecified secondary analyses examined all four HCPCS-
by-setting strata and all 51 jurisdictions. Jurisdiction-level
summaries reported the number of locations with any HGB
improvement, the number reaching the 5% threshold, the me-
dian reduction, and the extreme jurisdictions. These analyses
were descriptive rather than independent confirmatory tests.

The reproducibility audit retained manifests, hashes, cohort
logs, exclusions, metrics, and analysis records. The source
manuscript reports review of 1,435 development pages, 250
final-year pages, 35 rate files, 3,488 checks, and 56 tracked
files. Because the study used publicly available administrative
data without patient identifiers, no new patient recruitment
or intervention was performed; institutional requirements for
formal ethics review or exemption nevertheless remain an
author/institutional responsibility.

4 Results

The sealed 2024 cohort contained 6,829 eligible groups
and 117,969,671 services. Results are reported first for the
prespecified overall comparison, followed by HCPCS-setting
strata and geographic heterogeneity. The presentation retains
the same cohort definition across all methods.

4.1 Overall Sealed 2024 Performance

HGB achieved the lowest WMAE of all six prespecified
methods at $0.829 per service. Random forest followed at
$1.173, ridge regression at $1.650, pooled history at $1.884,
recent-year history at $1.907, and the fee-schedule reference at
$4.803. Relative to ridge regression, HGB reduced WMAE by
49.7%, corresponding to an absolute difference of -$0.821 per
service. The state-block bootstrap 95% interval was -$1.172
to -$0.563, satisfying both prespecified confirmatory criteria.
Table 2 reports the full metric set before Figure | visualizes
the primary error comparison.

The error ordering in Table 2 shows that both tree ensembles
outperformed the regularized additive model, while the two
historical rules were slightly worse than ridge regression. The
fee-schedule reference had the largest WMAE and a positive
signed error of $4.791 per service. Figure 1 displays the
same WMAE values without introducing additional derived
estimates.
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Table 2. Sealed 2024 performance across all six prespecified methods.

Method WMAE ($/svc)  Signed error ($/svc)  Unweighted group MAE ($)  Reduction vs. ridge
Histogram gradient boosting 0.829 +0.083 1.630 49.7%
Random forest 1.173 +0.139 1.734 28.9%
Ridge regression 1.650 +0.649 2.365 -
Pooled historical 1.884 +0.694 2.076 -14.2%
Recent-year historical 1.907 +0.054 2.044 -15.6%
Fee-schedule reference 4.803 +4.791 3.926 -191.1%

Sealed 2024 Final-Test Performance

HGB

Random forest

Ridge

Pooled historical

Recent-year historical

Fee schedule

4.803

2 3 4 5
Service-weighted MAE ($ per service)

Figure 1. Service-weighted MAE by method in the sealed 2024 final test. Values are reproduced from the prespecified overall comparison.

The overall result supports the prespecified predictive com-
parison but does not by itself establish uniform performance
across code-setting combinations or jurisdictions. Those sec-
ondary checks are therefore reported separately below.

4.2 Performance by HCPCS Code and Setting

HGB had lower WMAE than ridge regression in each of
the four predefined HCPCS-by-setting strata. The reduction
ranged from 38.6% to 53.0%, and HGB WMAE remained
below $1.00 per service in every stratum. Table 3 provides the
stratum-level values before Figure 2 compares fee schedule,
ridge, and HGB graphically.

The largest absolute service volume occurred in the 99214
non-facility stratum, where HGB WMAE was $0.937 com-
pared with $1.993 for ridge and $5.870 for the fee-schedule
reference. Figure 2 shows that the relative ordering between
HGB and ridge was consistent across all four strata.

The stratum analysis indicates that the overall result was not
driven by a single HCPCS-setting combination. Geographic
heterogeneity remained, however, and was examined at the
jurisdiction level.

4.3 Geographic Heterogeneity

Across the 50 states and the District of Columbia, HGB had
lower WMAE than ridge in 49 of 51 jurisdictions. Forty-seven

jurisdictions achieved at least the prespecified 5% reduction.

The median jurisdiction-level reduction was 48.4%, with the
largest reported reduction in Colorado at 77.6%. Florida and

New Mexico did not improve, with reported reductions of
-22.6% and -10.3%, respectively. Table 4 summarizes the
geographic results before Figure 3 presents the jurisdiction
counts by outcome category.

The jurisdiction counts provide a compact view of geo-
graphic consistency. Figure 3 groups the 51 jurisdictions into
those reaching at least 5% improvement, those improving by
less than 5%, and those showing no improvement.

The geographic analysis supports broad, but not universal,
improvement. The two jurisdictions without improvement
require further investigation of specialty composition, group
eligibility, locality mapping, and temporal change before any
operational use is considered.

4.4 Reproducibility Audit

The reported audit compared the frozen analytical proto-
col with the executed analysis and retained source manifests,
hashes, cohort logs, and result checks. The source manuscript
reports 1,435 development pages, 250 final-year pages, 35 rate
files, 3,488 checks, and 56 tracked files. No discrepancy was
reported between the hashed protocol and the final analysis.
These checks support internal reproducibility of the reported
endpoints but do not replace independent external replication.

5 Discussion

The principal finding is that a frozen HGB model predicted
2024 group-level Medicare allowed amounts more accurately
than the prespecified conventional and administrative com-
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Table 3. Sealed 2024 performance by HCPCS code and setting.

HCPCS  Setting Groups Services Fee ($) Ridge ($) HGB ($) / Reduction
99213 Facility 1,258 2,430,512 1.177 1.246 0.653 /47.6%
99213 Non-facility 2,014 40,111,808 3.511 1.039 0.638/38.6%
99214 Facility 1,457 5,427,813 2.207 1.927 0.940/51.2%
99214 Non-facility 2,100 69,999,538 5.870 1.993 0.937/53.0%

Sealed 2024 Performance by HCPCS Code and Setting

6 1 B Fee schedule

B Ridge

I HGB

WMAE ($ per service)

99213
Non-facility

99213
Facility

99214
Facility

99214
Non-facility

Figure 2. Sealed 2024 WMAE by HCPCS code and facility setting for the fee-schedule reference, ridge regression, and histogram gradient

boosting.

Table 4. Confirmatory and geographic summary.

Measure Result

Eligible jurisdictions 51 (50 states + DC)
Jurisdictions with HGB im- 49 of 51
provement

Jurisdictions with at least 5% 47 of 51
improvement

Median jurisdiction reduction ~ 48.4%

Largest reduction Colorado, 77.6%

Florida, -22.6%; New
Mexico, -10.3%
-$0.821 per service

No improvement

Confirmatory absolute differ-
ence

State-block 95% interval -$1.172 to -$0.563 per
service

Threshold met; interval

excluded zero

Confirmatory decision

parators for HCPCS 99213 and 99214. The 49.7% WMAE
reduction relative to ridge regression was accompanied by a
bootstrap interval that excluded zero, and the same direction
of improvement was observed in all four HCPCS-setting strata
and 49 of 51 jurisdictions.

The result is consistent with broader evidence that tree en-
sembles can represent nonlinear interactions in administrative
and claims data [13]. In this application, specialty, geography,
setting, reference amount, and time can interact in ways that
are difficult to capture with a purely additive model. The find-

Jurisdiction-Level Improvement Summary (n=51)
50 A

a7
404

30 A

201

Number of jurisdictions

101

2 2
I
0- :
At least 5% Improvement No

improvement <5% improvement

Figure 3. Jurisdiction-level summary of HGB improvement relative
to ridge regression in the sealed 2024 test.

ing should therefore be interpreted as evidence about predictive
structure in this specific grouped dataset, not as evidence that
HGB is universally preferable for Medicare forecasting.

The sealed temporal design is an important methodologi-
cal strength. Guidance on prediction-model development and
evaluation emphasizes separation of development and vali-
dation data and careful reporting of external or temporally
separated performance [17, 20]. The present protocol addi-
tionally froze cohort rules, predictors, comparators, metrics,
bootstrap strategy, and decision criteria before opening the
2024 outcome. This reduces, but does not eliminate, risks of
analytical overfitting.
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5.1 Relation to Prior Healthcare-Cost Modeling

Machine-learning cost prediction has increasingly incorpo-
rated interpretability, uncertainty, and fairness. Explainable
XGBoost approaches have been proposed for healthcare cost
prediction using SHAP and LIME [21]. Open-data studies
have likewise developed interpretable models for forecasting
healthcare costs [ 18], and recent insurance-cost work has com-
bined stacked ensembles, conformal intervals, SHAP explana-
tions, and fairness auditing [22]. The present study differs by
focusing on next-year group-level Medicare allowed amounts
with a sealed administrative test year rather than individual
insurance expenditure.

5.2 Strengths

Four features strengthen the evidence. First, the final year
was temporally sealed rather than randomly mixed into de-
velopment data. Second, all six comparators were evaluated
on the same eligible cohort and primary metric. Third, the
confirmatory criterion combined a relative threshold with a
paired state-block interval. Fourth, subgroup and jurisdiction
analyses made heterogeneity visible rather than relying only
on a national aggregate.

5.3 Limitations

The findings are restricted to two evaluation-and-
management codes and should not be generalized to specialty
procedures, facility claims, or other billing environments with-
out additional validation. The lack of improvement in Florida
and New Mexico indicates that national averages can conceal
meaningful geographic variation. Equity and subgroup per-
formance should be examined explicitly before deployment;
the HEAL framework provides one example of a structured
approach to health-Al equity assessment [23].

The design also does not support causal inference. A lower
forecast error does not identify why payment patterns changed,
nor does it establish that the model predicts future CMS pol-
icy decisions. The direct fee-schedule comparator should
be interpreted as an administrative reference rather than as a
model designed to forecast observed group means. One related
Medicare machine-learning source used in the background lit-
erature remains a preprint and has not yet undergone journal
peer review [10]. In addition, group aggregation can mask
clinician-level or claim-level heterogeneity.

5.4 Implications and Future Work

For payers, analysts, and health-system planners, a tem-
porally validated machine-learning forecast can serve as an
additional benchmark alongside administrative fee schedules
and historical averages. It should not replace the official pay-
ment system. Operational use would require ongoing monitor-
ing for model shift, periodic recalibration, transparent version
control, and jurisdiction-specific auditing because temporal
degradation has been documented in other healthcare predic-
tion settings [15, 16].

Future studies should extend the same sealed-year protocol
to additional HCPCS families and specialties, test multi-year
stability, assess calibration and interval coverage, and incor-
porate interpretable feature-attribution analyses. Conformal
prediction could be used to quantify forecast uncertainty, while
SHAP-based diagnostics and fairness audits could identify
groups for which accuracy is systematically lower [22]. In-

dependent replication using the same eligibility rules would
further clarify external validity.

6 Conclusion

This study compared six prespecified approaches for pre-
dicting next-year group-level Medicare allowed amounts for
HCPCS 99213 and 99214. In the sealed 2024 test, histogram
gradient boosting achieved a service-weighted mean absolute
error of $0.829 per service, compared with $1.650 for ridge
regression and $4.803 for the direct fee-schedule reference.
The HGB-versus-ridge difference was -$0.821 per service,
corresponding to a 49.7% reduction, with a state-block 95%
confidence interval from -$1.172 to -$0.563. Improvement
was observed in all four HCPCS-by-setting strata and in 49
of 51 jurisdictions, although Florida and New Mexico did not
improve. The evidence therefore supports HGB as a useful
forecasting approach for the evaluated group-level task under
the reported temporal protocol. It does not establish claims-
level accuracy, causal payment effects, performance for other
procedures, or prediction of future official CMS fee-schedule
decisions.
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