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Purpose: The purpose of this study was to introduce and evaluate the femtosecond
laser enhanced refractive outcome (FLERO) predictionmethod, an intraocular lens (IOL)
calculator that augments Barrett Universal II (BUII) by integratingnovel anterior segment
optical coherence tomography (OCT) biometric predictors obtained during femtosec-
ond laser-assisted cataract surgery (FLACS).

Methods: Two thousand, three hundred sixty-three (2363) eyes of 1720 patients (mean
age= 71.33 years, 60.26%women) undergoing FLACSwere analyzed. FLEROwas devel-
oped by selecting the most predictive subset of OCT-derived biometry features using a
“genetic algorithm” and combining them with BUII predictions in a linear model. Inter-
nal validation was performed through cross-validation, and prediction errors (PEs) were
compared with BUII and Kane errors.

Results: Compared to BUII, FLERO increased the proportion of eyes achieving postop-
erative refraction within±0.25 diopter (D),±0.50 D, and±1.00 D of target from 0.470 to
0.507, 0.781 to 0.824, and 0.962 to 0.970, respectively. Mean absolute error decreased
from 0.345 D for BUII and 0.338 D for Kane to 0.315 D for FLERO. FLERO outper-
formed BUII and Kane across (short, medium, and long) eyes, where proportions of
eyes achieving refraction within ±0.50 D were 0.696, 0.831, and 0.782 for FLERO, 0.468,
0.796, and 0.718 for BUII, and 0.595, 0.798, and 0.718 for Kane. Wilcoxon Signed-Rank
testing indicated significant reductions in absolute PEs for FLERO versus BUII and Kane
(P < 0.0001). PE regression revealed FLEROmade significantly smaller errors.

Conclusions: FLERO enhances BUII by incorporating novel OCT-derived FLACS biomet-
ric parameters across short, medium, and long eyes.

Translational Relevance: FLERO combines advanced FLACS-derived intraoperative
biometry with established IOL formulae to refine refractive outcome prediction.

Introduction

Residual refractive error remains a leading cause of
dissatisfaction after cataract surgery.1 The chief deter-
minant in choosing an intraocular lens (IOL) that will

produce the desired refractive result is the applica-
tion of an accurate IOL power calculation formula,
itself dependent on biometry. The best IOL calcu-
lation formulae demonstrate competitively low mean
errors (MEs; zero or very nearly so) and mean absolute
errors (MAEs).2 To this end, machine learning has
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played a key role in the refinement of IOL calculations,
with the introduction of useful formulae, such as the
Hill Radial Basis Function,3,4 Kane,5,6 and others.7,8
However, these formulae remain limited by the small set
of biometric inputs typically collected in routine clini-
cal practice. Further improvement may be realized by
incorporation of more predictive biometric measure-
ments.

Femtosecond laser-assisted cataract surgery
(FLACS) not only provides surgical precision but
also captures extensive intraoperative biometric data,
including high-resolution anterior segment 2D and
3D optical coherence tomography (OCT) images.
These datasets contain rich biometric detail that is
not typically used in IOL power calculations. This
study introduces the femtosecond laser enhanced
refractive outcome (FLERO) approach, a new hybrid
IOL prediction method that enhances the widely used
Barrett Universal II (BUII) formula by integrating its
predictions with novel OCT-derived anterior segment
parameters in a linear regression model. A key step
in FLERO’s design is the use of a two-step “genetic
algorithm” (GA) process to identify the most informa-
tive subset from the vast number of FLACS-derived
features.We evaluated FLEROagainst BUII andKane,
two widely studied fourth-generation IOL formulae,9
in a retrospective analysis of cataract procedures by
Mercy Clinic ophthalmologists using the CATALYS
Precision Laser System (Johnson & Johnson, Milpitas,
CA).

Methods

Overall Study Design

To build an IOL calculation algorithm incorpo-
rating the large OCT data feature set captured by
the CATALYS, an artificial intelligence (AI) approach
toward feature selection was used prior to cross-
validation evaluation of the resulting predictive model.
The CATALYS itself provides more than 1800 biomet-
ric values for each eye undergoing FLACS. Combin-
ing these with conventional biometry captured with
Zeiss IOL Master (both 500 and 700), the total
number of biometric values equaled 1968. In the
language of machine learning, these variables are
referred to as “features” and the processes of paring
down and thereby transforming these features into
a most predictive feature subset is known as feature
selection.

Given the vast number of data features collected
by CATALYS, the study used a GA with backward
feature elimination (BFE) to (1) objectively identify

informative features and (2) “weed out” or “prune”
features that did not contribute significantly to the
performance of the IOL calculation model. This form
of feature selection removes not only noncontribu-
tory and nonpredictive features but also those that are
so highly correlated with each other as to be redun-
dant. The GA enabled an efficient reduction of the
large number of features, which was further refined by
backward feature elimination, ensuring optimal model
complexity and generalization. A GA is an optimiza-
tion procedure that starts with a set of random tenta-
tive solutions to a given problem, in this case, feature
subsets used for training predictive models. Through
iterative rounds, termed “generations”, the algorithm
selects and adapts the solutions until no more improve-
ments can be made.

Within this study, the GA operated with a popula-
tion of 400 tentative solutions and ran for 500 gener-
ations. Tentative solutions competed via tournament
selection with a tournament size of three random
solutions. The best performing solutions were chosen
for potential modification and inclusion in the next
generation’s competition. Modification of solutions
occurred through stochastic “mutation” and crossover
operations with an aim to maintain population diver-
sity. The performance or “fitness” of a candidate
solution was evaluated using the area under the diopter
(D) error curve: “|E|< d”with d in [0, 1] increasing with
steps of 0.01.

Following the above feature selection process, inter-
nal validation was conducted using seven-fold grouped
cross-validation. A linear ensemble model incorporat-
ing the selected features, which include the BUII predic-
tion, was then trained and validated. The grouped
cross-validation procedure ensured that eyes from the
same patient were kept within the same fold, and
therein, further confined within either the test or train-
ing set for that fold. This grouping strategy elimi-
nated potential data leakage associated with related
eyes (from a common patient) being used within both
test and training sets during cross-validation.

Incorporation of BUII

In addition to conventional biometry data from
the IOL Master and the manifold OCT data from
the CATALYS, the predicted post-operative SE for a
given implanted IOL power was calculated from the
BUII formula and itself was selected (by the GA)
and thus incorporated as a feature in the model. This
makes FLERO a hybrid IOL calculator: it builds on
the theoretical foundation of BUII while simultane-
ously integrating FLACS-derived features in a data-
driven manner. Specifically, this design makes FLERO
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function as an ensemble (boosting) model, learning
from BUII’s prediction errors (PEs) to provide more
accurate refractive outcome predictions.

Data Source

The study utilized the Mercy dataset, comprising
data from patients with cataract admitted to Mercy
Clinic, Springfield, Missouri, USA, between 2015 and
2020, and was conducted retrospectively using the
available data that met the eligibility criteria outlined
below. Ethics approval from an institutional review
board and informed consent were not required for
this study as it used data from an anonymous, de-
identified, electronic health record (EHR) database.
The study adhered to the US Department of Health
and Human Services guidance regarding “Methods for
De-identification of Protected Health Information in
Accordance with the Health Insurance Portability and
Accountability Act Privacy Rule” and complied with
the tenets of the Declaration of Helsinki.

Inclusion Criteria

The study cohort was derived from a database
of cataract surgeries performed between 2015 and
2020, with inclusion and exclusion rules conducted
at the eye (rather than patient) level. The cohort
included eyes that underwent routine phacoemulsifica-
tion with IOL implantation (CPT 66984) or complex
phacoemulsification requiring a specialized approach
(CPT 66982) and received a Johnson & Johnson
(J&J) IOL. No specific inclusion or exclusion crite-
ria were applied to differentiate between eyes belong-
ing to patients having one or both eyes treated,
as the grouped cross-validation procedure ensured
that both eyes from the same patient were assigned
together to either the training or test set. Eyes were
excluded if they had a history of cataract surgery
in the same eye or had prior intraocular proce-
dures, including corneal, retinal, or glaucoma surgeries,
except for laser trabeculoplasty, laser iridotomy, or
IOL exchange. Only eyes with valid laterality infor-
mation were retained. Cases where the procedure was
prematurely terminated, as indicated by billing proce-
dure modifiers 73 and 74, were excluded. Eyes were
also removed if postoperative spherical equivalent was
not recorded within 15 to 120 days after surgery or
if postoperative visual acuity exceeded a LogMAR
value of 0.1 (equivalent to Snellen 20/25), as this
threshold ensured sufficient visual function to allow
accurate manifest refraction and thereby improved
the reliability of postoperative spherical equivalent
outcomes. Although prior guidelines10 recommended

Table 1. Patient Demographic and Clinical Character-
istics

Demographics Mean (SD)

Female sex 60.26%
Age 71.33 (8.31)
Axial length (AL) 23.92 (1.17)
Average keratometry 43.87 (1.61)
Anterior chamber depth (ACD) 3.16 (0.38)
IOL power 20.70 (3.32)
AL subgroups, n (%)

Short (≤22 mm) 79 (3.3)
Medium (22 mm < AL < 26 mm) 2160 (91.4)
Long (≥26 mm) 124 (5.2)

Observed refractive outcome −0.351 (0.62)
ACD, anterior chamber depth; AL, axial length; IOL, intraoc-

ular lens; SD, standard deviation.

a more lenient threshold of 20/40 (LogMAR 0.3),
subsequent evidence has shown that stricter thresh-
olds of LogMAR 0.12 to 0.20 yield significantly lower
mean PEs.11 For eyes having multiple SE measure-
ments collected within the 15-to-120-day postopera-
tive period, the latest (last date-time) value within
that date range was selected. A similar approach was
used for eyes having multiple preoperative biometry
measurements within 90 days before surgery, that is,
the measurement made closest to the surgery date was
selected; however, for eyes where multiple biometry
measurements were made on the same day closest to
surgery, the median values from that day were calcu-
lated and used. Eyes with missing or invalid biomet-
ric measurements—including anterior chamber depth
(ACD), axial length (AL), and steep and flat keratom-
etry within 90 days before surgery—were excluded, as
were eyes with a lens thickness below 3mm. Additional
exclusions included eyes classified as pseudophakic
or aphakic at baseline, those with afferent pupillary
defect, and those with a central corneal thickness below
0.4 mm. Only eyes with confirmed linkage to the
CATALYS Laser Precision System records, indicat-
ing fully completed surgery, were retained. Deduplica-
tion of records was performed. Finally, only eyes with
valid BUII predictions were kept, whereas those with
extreme input values or implausible predictions were
excluded.

This selection process resulted in a well-defined
cohort of 2363 eyes from 1720 patients, comprising
1196 right and 1167 left eyes. Approximately 95% of
the procedures were Current Procedural Terminology
(CPT) 66984, whereas the remaining were CPT 66982.
The demographic and clinical characteristics are shown
in Table 1.
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Data Features From FLACSWorkflow

Data features from across the FLACS workflow
were leveraged within this study, including preopera-
tive ZEISS IOLMaster data, intraoperative CATALYS
OCT data, as well as post- and perioperative data
from Mercy’s Epic EHR system. EHR data provided
demographic details, medical history including comor-
bidities, and information gathered during ophthalmic
examinations. Preoperative biometric measures,
including parameters such as AL and keratometry
measures, were obtained from ZEISS IOLMaster 500
(N = 155, 6.56%) or 700 (N = 2208, 93.44%) devices.
The CATALYS data features comprised structured
OCT data from axial and sagittal OCT scans as well
as unstructured 3D OCT data. Derived features from
unstructured OCT CATALYS scans included fitted
cornea and lens surfaces as well as crystalline lens
power (see Supplementary Table S1).

Main OutcomeMeasure

The postoperative refractive state of the patient was
obtained from the Mercy Clinic EHR. Of interest,
the distribution of postoperative refractive spherical
equivalent in the Mercy data was skewed toward a
mild myopic outcome with a mean of −0.351 D (see
Table 1; Supplementary Fig. S1) which may suggest
surgeons’ preferences to target a slightly myopic result.
Note that the surgeon’s target is not explicitly avail-
able in the dataset, nor is it required to evaluate a
predictive model.10 It suffices to have knowledge of
the implanted IOL power and the actual postopera-
tive refractive spherical equivalent outcome to calculate
model accuracies.

Statistical Analysis

BUII, Kane, and FLERO were compared head-
to-head in their ability to predict the actual refrac-
tive spherical equivalent outcome of each eye follow-
ing FLACS. BUII was selected because it is arguably
the most widely used IOL calculation formula in
clinical practice12–15 and because FLERO builds
upon its predictions, making it a key comparator.
Kane was chosen for its consistently high predic-
tive accuracy.15–19 Comparisons with other AI-based
formulas, such as PEARL-DGS and Hoffer QST, are
provided in the Supplementary materials.

Besides conventional metrics (e.g., SD and median
absolute error [MedAE]) and the proportion of eyes
within key dioptric thresholds, a rigorous statistical
evaluation of absolute prediction errors was performed
to ensure meaningful comparisons between the IOL

calculators. Because absolute errors do not follow a
normal distribution, nonparametric statistical methods
were used. Specifically, the Wilcoxon Signed-Rank test
was utilized to evaluate the null hypothesis that the
mean absolute PE of the FLERO model is greater
than or equal to that of the comparison formu-
lae (BUII and Kane). Furthermore, to validate this
analysis with best practice according to literature, the
method proposed by Holladay et al.20 for evaluating
non-Gaussian PEs of SE associated with IOL calcula-
tors was also applied. Finally, to investigate the clinical
significance of FLERO compared with BUII, the same
analyses were repeated for the subset of cases in which
prediction differences would have led to a different IOL
selection.

Surgical Context

All patients with cataract received femtosecond
laser cataract surgery (CATALYS, Johnson& Johnson)
at the Mercy National Eye Surgery Center in Spring-
field, Missouri. As all patients undergoing cataract
surgery at this site receive CATALYS, the femtosecond
procedure is performed in the operating suite adjacent
to the operating microscope, allowing both procedures
to be performed in the same room and minimizing the
time between the laser treatment and the phacoemul-
sification procedure. All patients received an acrylic
intraocular lens with an A-constant of 119.3 (TECNIS
Series, Johnson & Johnson).

Results

The feature selection process reduced the feature
set to 18 features and included the BUII prediction.
Internal validation of these features was conducted
using seven-fold grouped cross-validation. The subse-
quent section presents the results of this internal
validation.

FLERO Performance Over BUII and Kane

The final selected model used linear regression with
L2 (Ridge) penalty, and a regularization strength set
to 1. This model proved to have the dual advantages
of excellent performance and a high degree of explain-
ability comprising 19 parameters: one weight for each
of the 18 input features and an additional weight for
the bias. Using requisite input features from each eye
within the Mercy dataset, head-to-head model perfor-
mance was assessed between FLERO, and adjusted
(ME-subtracted) outputs of BUII and Kane (referred
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Table 2. Metric-Based Comparison of BUII, Kane, and the Proposed FLERO Approaches on the Mercy Dataset

Absolute Error Threshold, |E|

Formula ME SD MedAE MAE MSE <0.25 <0.50 <0.75 <1.0 <2.0

BUII (unadjusted) −0.200 0.470 0.310 0.382 0.261 0.412 0.720 0.892 0.952 0.994
BUII (adjusted) 0.000 0.470 0.268 0.345 0.221 0.470 0.781 0.916 0.962 0.995
Kane (unadjusted) −0.107 0.463 0.270 0.350 0.226 0.460 0.758 0.911 0.963 0.995
Kane (adjusted) 0.000 0.463 0.258 0.338 0.215 0.488 0.787 0.916 0.964 0.995
FLERO 0.001 0.430 0.245 0.315 0.185 0.507 0.824 0.933 0.970 0.997

BUII, Barrett Universal II; FLERO, femtosecond laser enhanced refractive outcome;MAE,mean absolute error;ME,mean error;
MedAE, median absolute error; MSE, mean squared error.

For BUII and Kane, both the unadjusted and the adjusted (i.e. ME-subtracted) versions of the formulae are analyzed.
The scores in bold represent the best score for each metric.

Table 3. Metric-Based Comparison of BUII, Kane, and the Proposed FLERO Approaches on Subsets of the Mercy
Dataset Differentiated by Eye Size

Absolute Error Threshold, |E|

Formula ME SD MedAE MAE MSE <0.25 <0.50 <0.75 <1.0 <2.0

Short eyes (AL ≤= 22 mm) [N = 79]
BUII (adjusted) 0.421 0.657 0.514 0.599 0.609 0.253 0.468 0.747 0.835 0.975
Kane (adjusted) 0.406 0.608 0.461 0.558 0.535 0.329 0.595 0.722 0.873 0.975
FLERO 0.105 0.614 0.347 0.459 0.388 0.380 0.696 0.823 0.886 0.987

Medium eyes (22 mm ≤ AL ≤ 26 mm) [N = 2160]
BUII (adjusted) −0.003 0.449 0.263 0.332 0.201 0.479 0.796 0.923 0.968 0.997
Kane (adjusted) −0.001 0.444 0.252 0.327 0.197 0.494 0.798 0.925 0.969 0.997
FLERO −0.001 0.418 0.240 0.307 0.175 0.517 0.831 0.939 0.975 0.998

Long eyes (AL ≥= 26 mm) [N = 124]
BUII (adjusted) −0.212 0.525 0.303 0.396 0.321 0.452 0.718 0.895 0.935 0.984
Kane (adjusted) −0.233 0.517 0.312 0.400 0.321 0.468 0.718 0.887 0.935 0.984
FLERO −0.038 0.478 0.295 0.362 0.230 0.427 0.782 0.895 0.962 1.000
For BUII and Kane, only the adjusted (i.e.ME-subtracted) versions of the formulae are analyzed.
The scores in bold represent the best score for each metric.

to hereafter as BUII and Kane, unless noted other-
wise) using metrics ME, SD,MedAE,MAE, andMSE
as general model performance indicators, as well as
the proportion of eyes within key dioptric thresh-
olds, of 0.25, 0.50, 0.75, 1.00, and 2.00 D (Table 2).
Overall, Kane performed at least as well as BUII across
all metrics over the dataset. The FLERO approach
outperformed both BUII andKane, with the difference
being most pronounced when comparing performance
within 0.5 D of error, as demonstrated in Table 2. The
MAE and the standard deviation over 7 folds of cross-
validation was 0.315 ± 0.0068 D and the fraction of
predictions with an absolute error (|E|) of less than 0.5
Dwas 0.8244± 0.0158, demonstrating overall improve-
ment over BUII (MAE= 0.345± 0.0092D, |E|< 0.5 D

= 0.781 ± 0.0130) and Kane (MAE = 0.338 ± 0.0084
D, |E| < 0.5 D = 0.787 ± 0.0148).

Table 3 presents the key metrics for FLERO, and
the ME-adjusted Kane and BUII formulae on the
Mercy dataset for different eye sizes. For short eyes,
Kane showed a slightly lower SD (0.006 lower) than
FLERO, but FLERO surpasses both BUII and Kane
in all other metrics, capturing 10% to 14% more cases
within |E| < 0.5 D. For medium eyes, FLERO consis-
tently outperformed the two other formulae. Finally,
for long eyes, FLERO again showed the strongest
overall performance, achieving the lowest SD; although
Kane included 4% more cases within |E| < 0.25
D, FLERO yielded a substantially lower MSE than
both alternatives, indicating fewer largemispredictions.
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Table 4. Parameter Estimates for FLERO Predictors

Model Term Standardized Coefficient Standard Error P Valuea

Interceptb −0.2957 0.0095 <0.0001
Ageb −0.0330 0.0117 0.0049
ACG1b −0.1633 0.0252 <0.0001
ACG2b 0.4314 0.1838 0.0190
ACG3b −0.4150 0.1788 0.0204
ACDb 0.2105 0.0257 <0.0001
ALb −0.5762 0.0983 <0.0001
Flat Kb −0.1818 0.0308 <0.0001
Steep Kb −0.2391 0.0333 <0.0001
MLPb 0.1491 0.0539 0.0057
IOL SE Powerb −0.5106 0.0785 <0.0001
PCG1b 0.1038 0.0380 0.0063
PCG2b 0.1305 0.0185 <0.0001
BUII Predictionb 0.2491 0.0076 <0.0001
ALRb 0.2648 0.0985 0.0072
ALAb −0.3469 0.1376 0.0117
PLAb −0.1347 0.0357 0.0002
ANP1b 0.1642 0.0219 <0.0001
ANP2b −0.1489 0.0368 0.0001

ACD, anterior chamber depth; ACG1, anterior corneal geometrymeasurement 1; ACG2, anterior corneal geometrymeasure-
ment 2; ACG3, anterior corneal geometry measurement 3; AL, axial length; ALA, anterior crystalline lens apex position; ALR,
anterior crystalline lens radius; ANP1, axial normalization parameter, position 1; ANP2, axial normalization parameter, position
2; IOL, intraocular lens; K, Kane formula;MLP,measured crystalline lens power; PCG1, posterior corneal geometrymeasurement
1; PCG2, posterior corneal geometry measurement 2; PLA, posterior crystalline lens apex position.

aTwo-sided P value corresponding to a Wald test assuming a null hypothesis of zero effect.
bStatistically significant at the usual α = 0.05 level.

Overall, these results suggest that FLERO generalizes
well across varying ALs, with best performance being
observed for medium eyes.

Model Summary and Statistical Analysis

Each of the 18 selected input parameters showed
statistical significance, demonstrating that the
CATALYS derived features – the distinguishing
characteristic of the FLERO model – are signifi-
cant predictors of refractive outcome, as demonstrated
in Table 4.

To determine whether the FLERO model consti-
tuted an improvement over BUII and Kane, two
additional analyses were used. First, the Akaike Infor-
mation Criterion (AIC) was used to assess the relative
quality of these three models. The AIC considers
both predictive performance and model complexity
by taking the number of parameters into account,
favoring smaller models while penalizing larger models.
Models with smaller AIC values are preferred over

those with larger AIC values. Given that the FLERO
model is a refinement of BUII (unadjusted) and neces-
sarily contains more parameters – 19 for FLERO
compared to 8 for BUII (and Kane) – the AIC
can thus be conceptualized as a skeptical metric of
FLERO’s performance. The FLERO predictor demon-
strated superior performance with an AIC of 2753,
compared with 3156 and 3087 for BUII and Kane,
respectively. Second, an analysis of the Extra Sum
of Squares (ESS) associated with BUII and Ridley
was conducted. This test measures the improvement
in model fit when additional parameters are intro-
duced to an existing model and is appropriate for
comparing nested models. Because FLERO aims to
refine BUII’s (unadjusted) prediction by incorporating
it as input, ESS is a suitable metric for evaluating this
refinement. Table 5 presents the results of ESS analy-
sis in an analysis of variance (ANOVA) table. Again,
19 parameters were used for FLERO, compared with
8 for BUII, which impacted the degrees of freedom.
The analysis yielded an ESS value of 86.16, result-
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Table 5. ANOVA Table for the ESS Analysis

Source Sum of Squares Degrees of Freedom Mean Square F

Extra term 86.16 11 7.833 42.05
FLERO 436.41 2344 0.186
BUII 522.57 2355

ANOVA, analysis of variance; ESS, extra sum of squares; FLERO, femtosecond laser enhanced refractive outcome.

Table 6. Statistical Comparison of Absolute Prediction Errors Between FLERO Versus BUII and Kane

Comparison Wilcoxon Statistic Wilcoxon P Value HM Statistic HM P Value

PEF vs. PEB 1.11E6 P < 0.0001 −0.029 P < 0.0001
PEF vs. PEK 1.17E6 P < 0.0001 −0.023 P < 0.0001

HM, Holladay et al. Method; PE, prediction error.
PEF , PEB, and PEK represent the absolute PEs of FLERO, BUII, and Kane, respectively.
Comparison PEF vs. PEB: H0 is PEF ≤ PEB, H1 is PEF > PEB.
Comparison PEF vs. PEK : H0 is PEF ≤ PEK , H1 is PEF > PEK .

ing in an F-statistic of 42.05 and a P value < 0.0001.
Both analyses collectively affirmed that FLERO repre-
sented a significant improvement over BUII (and
Kane).

Statistical ComparisonWith Existing
Formulae

Table 6 summarizes the results of the hypothesis
tests, demonstrating that both statistical approaches
yield the same conclusion: the absolute PEs of FLERO
are significantly smaller than those of BUII and Kane.
To enable meaningful comparisons between the formu-
lae, the distributions of absolute errors were analyzed.
Given that absolute errors do not follow a normal
distribution, nonparametric statistical methods were
used. Specifically, the Wilcoxon Signed-Rank Test was
utilized to evaluate the null hypothesis, that the mean
absolute PE of the FLERO model is greater than or
equal to those of BUII and Kane in separate pair-
wise comparisons against the alternative, that the mean
absolute PE of FLERO is less than that of BUII
and Kane. The results yielded P values < 0.0001 for
comparisons between FLERO and BUII, as well as
FLERO and Kane, allowing for rejection of the null
hypothesis, hence indicating that the absolute PEs of
FLERO are significantly smaller for both comparisons.
Furthermore, the method proposed by Holladay et al.
for evaluating non-Gaussian PEs of SE associated with
IOL calculators was also used and produced statistical
results consistent with those of the Wilcoxon Signed-

Rank test, further supporting the observed differences
in PEs.

Clinical Significance

A distinction must be made between statistical
and clinical significance. Although FLEROpredictions
differ significantly from both Kane and BUII, the
key question is whether these differences alter clinical
decision making. For cataract surgeons, the smallest
increment that can meaningfully change IOL selection
is the clinical quantum of refractive power, approxi-
mately 0.17 D at the spectacle plane. This derives from
the fact that IOLs are generally manufactured in 0.50
D steps at the IOL plane, corresponding to 0.335 D at
the spectacle plane; hence, the decision to round up or
down between available lens powers effectively intro-
duces a half-step quantum of approximately 0.17 D.

When FLERO and BUII predictions diverged by
at least this quantum, clinically meaningful differences
emerge.Of the 2363 eyes, 764 (32.3%) showed predicted
postoperative refractions differing by ≥ 0.17 D –
enough to potentially change the IOL selected. In this
subset, FLERO achieved the smaller predictive error
in 453 eyes (59.3%), whereas BUII performed better in
311 eyes (40.7%). Statistical testing with the Wilcoxon
Signed-Rank test demonstrated that, in this subset,
FLERO’s absolute PEs were significantly lower than
BUII’s (P < 0.05). This finding was further confirmed
using the method proposed by Holladay et al. for
analyzing non-Gaussian PEs.20
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Taken together, these results show that, for most
patients, FLERO and BUII converge on the same IOL
choice. However, in a substantial minority of cases
where predictions differ enough to influence selection,
FLERO more often provides the more accurate refrac-
tive outcome—underscoring both its statistical and
clinical relevance.

Discussion

Positioning FLERO Among AI and Hybrid IOL
Power Calculator

Currently, three IOL power calculation formu-
las based purely on AI (Hill-RBF, Karmona, and
Nallasamy) and five hybrid formulas that combine AI
with theoretical models (FullMonte Method, Ladas
Super Formula AI, PEARL-DGS, Kane, and Hoffer
QST) have been published in the peer-reviewed liter-
ature.18 The FLERO calculator positions itself as
the sixth hybrid model, as it integrates a theoreti-
cal framework—the BUII formula—with a data-driven
approach consisting of GA-based feature selection and
a linear regression model.

Relative to existing AI-based and hybrid
approaches, FLERO is set apart in three aspects:
(1) the incorporation of novel FLACS-derived biomet-
ric features, (2) a two-step GA-based feature selection
pipeline, and (3) the deliberate use of a simple, inter-
pretable linear regression model.

To the best of our knowledge, this is the first
study to explore FLACS-derived data for enhancing
refractive outcome prediction (point 1). To address the
high dimensionality of the FLACS data, we applied
a two-step GA + BFE feature selection procedure
that reduced more than 1800 candidate variables to 18
(point 2). Whereas GA-based feature selection has also
been applied in the development of Hill-RBF 3.0,3 its
scope was limited to a small set of 13 biometric param-
eters, of which only 3 to 8 were ultimately retained.
Finally, the modeling architecture itself is a defining
element (point 3). The three AI-based formulae use
complex, nonlinear models (e.g., radial basis function
neural networks, stacked ensembles, or nonlinear
regressors). Similarly, hybrid models, like PEARL-
DGS, rely on gradient-boosted trees, support vector
regression, or multilayer perceptrons. Although such
architectures can capture complex nonlinear interac-
tions, they often lack interpretability and risk overfit-
ting without careful validation. In contrast, FLERO
uses a parametric model that is a linear combination
(linear regressionmodel) of scaled variables. This struc-
ture is much more transparent, with coefficients repre-

senting the contribution of each (scaled) input to the
predicted IOL power, enabling straightforward analy-
sis and facilitating clinical understanding. As noted by
Rudin (2019), in high-stakes domains like healthcare,
the use of inherently interpretable models is crucial
to ensure trust and accountability in decision making
processes.

Assessment of FLERO Generalization

For all folds, nearly no difference between the train
and test scores was observed across all metrics. This
served as a strong indication that little to no overfit-
ting occurred in the evaluation procedure. Additionally,
learning curves for training and cross-validation folds
showed significant overlap indicating a low likelihood
of model overfitting (data not shown). Furthermore,
examination of FLERO’s feature weights revealed
that the variation of each across the seven folds was
minimal. This further supports FLERO’s potential for
generalizability and low risk of fold-specific overfitting,
as overfitting would have resulted in high variability of
feature weights across folds.

FLERO Predictive Feature Importance

The GA-BFE-selected feature set consisted of 18
predictors: IOL power; patient age; ZEISS IOLMaster
measurements, including AL, steep and flat keratom-
etry, and ACD; and CATALYS-derived OCT values,
such as the central apex, depth values, and offset in
the depth axis, along with derived values like anterior
and posterior lens radii, lens thickness, lens apices, and
corneal curvature.

It is notable that AL and IOL power exhibit the
most substantial weights, both inversely related to
refractive outcome prediction. Significantly, the BUII
prediction held a positive weight in the model, indicat-
ing that the ridge regression aims to build upon and
thus refine the BUII prediction. Indeed, all CATALYS-
derived features (9 of the 18 model features) selected
by the GA-BFE algorithm were significant at the 95%
confidence interval (CI), highlighting their importance
in refining the BUII prediction.21

Although the inclusion of agemay seemout of place
compared to anatomic biometry, it is worth noting
that age is often used as a numerical predictor in
similar formulae, such as ones predicting effective lens
position.22

Interestingly, the crystalline lens meridian position
(LMP) was not retained explicitly by the GA as a
predictive feature, implying other combinations of
features are at least as informative as this single metric,
if not more so; however, the presence of key predic-
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Table 7. Comparison of (i) BUII and Kane Formulae Performances in theDarcy Study (Upper Part of the Table), and
(ii) BUII, Kane, and FLERO Formulae Performances With the Mercy Dataset (Lower Part of the Table) From Table 2

ME SD MedAE MAE |E| < 0.25 |E| < 0.5 |E| < 1.0

Darcy study23

BUII 0.000 0.505 0.314 0.390 0.417 0.707 0.947
Kane 0.000 0.490 0.302 0.377 0.426 0.720 0.952

Mercy data
BUII 0.000 0.470 0.268 0.345 0.470 0.781 0.962
Kane 0.000 0.463 0.258 0.338 0.488 0.787 0.964
FLERO 0.001 0.430 0.245 0.315 0.507 0.824 0.970
The scores in bold represent the best score for each metric.

Figure. FLERO versus BUII (left) and FLERO versus Kane (right) PEs with corresponding linear regression fits and key dioptric error threshold
overlays. BUII, Barrett Universal II; FLERO, femtosecond laser enhanced refractive outcome; PE, prediction error.

tors within the predictive features set that can be used
to calculate LMP, for example, ALR, PLR, ALA,
PLA, etc., suggest its implicit representation. Indeed,
further analysis confirmed that LMP can be nearly
perfectly reconstructed with an R2 of 0.965 using a
linear combination of the features chosen by the GA-
BFE algorithm, which is particularly relevant given
that FLERO itself is a linear combination of these
input features.

FLERO Performance Versus Standard-of-Care
Formulae

To further contextualize FLERO performance with
BUII and Kane, the results for BUII and Kane
models on the Mercy dataset were compared with one

of the largest literature datasets known, the Darcy
study (Table 7).23 BUII and Kane performances were
substantially worse in the Darcy study compared to
their performance on the Mercy dataset.23 This is an
indication that neither formula performed especially
poorly on the dataset on which the FLEROmodel was
built.

To further assess FLERO’s enhancement over the
BUII and Kane formulae, a “prediction error analysis”
was conducted. The Figure presents plots of FLERO
PEs versus corresponding BUII (left) and Kane (right)
PEs. Linear regression of these two plots (orange
dashed lines) reveals a slope that is significantly less
than 1 for both FLERO versus BUII (slope = 0.830,
95% CI = 0.815 to 0.846) and FLERO versus Kane
(slope = 0.835, 95% CI = 0.829 to 0.851), indicat-
ing that, on average, FLERO results in more accurate
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predictions (or a narrower distribution of PEs) of
postoperative spherical equivalent compared to BUII
and Kane. The implication of these slopes is that a ±
1.00 D error under the BUII or Kane models corre-
sponds to ± 0.830D and ± 0.835D errors, respec-
tively, under the FLERO model. This finding is consis-
tent with the results of the Wilcoxon Signed-Rank
test, which demonstrated statistically significant lower
absolute PEs of FLERO compared to BUII and Kane.
Furthermore, the visualizations in the Figure demon-
strate that when predictions of FLERO versus BUII,
and FLERO versus Kane are plotted, most predic-
tions fall within ± 1 D (light gray dashed lines) of the
observed refractive outcome and the paired models in
each respective plot have strong positive correlations
with each other.

Importantly, except for a single instance, FLERO
never recommended an adjustment to the BUII predic-
tion beyond 1 D. In this exceptional case, FLERO
provided a prediction that was considerably closer to
the observed outcome compared to the BUII predic-
tion. Comparing FLERO to the Kane formula, only
one eye required a significant correction (> 1 D), but
again, the FLERO model made a prediction much
closer to the observed outcome compared to Kane,
reducing the error from 1.5 to almost 0 D. Analy-
sis of the eyes with the largest absolute FLERO PEs
showed no anomalous biometric values: the AL was
between 21.64 and 25.20 (mean= 23.53), the ACDwas
between 2.39 and 3.93 (mean= 3.091), and no extremes
in their CATALYS-derived biometrics were observed.
Both BUII and Kane formulae demonstrated substan-
tial, and in fact larger, PEs for the same eyes as well.

Study Limitations

One of the primary limitations of this study is
the lack of external validation. All data came from a
single hospital system and involved a limited number
of surgeons, which may impact the generalizability of
FLERO. Additionally, the large number of features
considered in the feature selection step increases the
potential risk of overfitting. To address these limita-
tions and maximize the use of available data, this study
used a robust feature selection and cross-validation
strategy. Whereas all available indicators point to
overfitting being absent during cross-validation, valida-
tion on independent, multi-center data is an essential
next step to confirm the stability and generalizability
of the model.

Aminor potential limitation arises from the fact that
the study does not differentiate between eyes coming
from patients who had both eyes treated, and those
who had only one eye treated. To prevent informa-

tion leakage from patients contributing data from both
eyes, we used a grouped cross-validation approach,
ensuring that all eyes from a single patient were exclu-
sively allocated to either the training or test set. A
related concern is the potential correlation of bilat-
eral eyes, because eyes of the same patient are likely
not fully independent. To address this, we conducted a
bootstrap analysis in which only one eye was randomly
selected from each bilateral case. The results showed
negligible differences in model performance (mean SD
bootstrap = 0.4324 D ± 0.0050 D versus FLERO
SD = 0.4297 D; Mann–Whitney U test P value =
0.4428), suggesting that potential correlation between
bilateral eyes did not meaningfully influence the study
findings. Additionally, there is a potential source of
bias: patients who experienced a negative outcomewith
the first eye might opt not to return for the surgery
on the second eye. However, in comparing unilateral to
bilateral patients, the former demonstrated no greater
errors than the latter as would be expected if patients
with poor outcomes did not return for second-eye
surgery (analysis not shown).

Another limitation relates to the ability to account
for patients with a history of laser vision correction
prior to their cataract surgery at Mercy. Whereas this
limitation is not expected to advantage FLERO over
BUII or Kane (as all PE comparisons were made pair-
wise between formulae), it is a factor that could be
better controlled in future studies assuming availability
of this pre-surgical patient context in future real-world
datasets.

Aminor limitation arises from using both Zeiss IOL
Master 500 and 700 devices, as subtle differences in
measurement accuracy or device-specific biases could
theoretically influence results. In our dataset, only
6.55% of eyes were measured with the IOLMaster 500
(155 eyes vs. 2208 with the IOLMaster 700). A subset
analysis comparing outcomes between device groups
(data not shown) revealed nomeaningful impact on the
performance of the BUII, Kane, and FLERO formu-
las. Furthermore, because the IOLMaster 500 collects
fewer characteristics than the 700, the feature selection
process was restricted to only those features available
in both devices, meaning certain potentially predictive
features unique to the IOLMaster 700 were not consid-
ered.

Yet another limitation of the study relates to the
length and variability of the postoperative period prior
to measurement of manifest refraction: only measure-
ments of manifest refraction within the window of 15
to 120 days following surgery were used, corresponding
to typical real-world postoperative follow-up periods
observed in clinical practice. Although this period is
considered long enough for a reasonable degree of lens
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settling to occur,24 strictly speaking, the model does
not capture potential longer-term settling effects, for
example, 1 year after surgery. FLEROperformancewas
found not to differ significantly between eyes having
a shorter postoperative window prior to measurement
of refraction versus those having a longer window
(analysis not shown). Correspondingly, this limitation
is considered negligible.

A limitation relates directly to FLERO’s deliberate
dependence on the BUII prediction as an input feature.
The rationale for this design is to leverage and refine
the complex, domain-specific relationships encoded
within BUII, which integrates Gaussian optics and
paraxial ray tracing principles. This hybrid approach,
however, carries the risk that systematic errors in
BUII could propagate into FLERO, particularly in
biometric subgroups where BUII is less accurate. This
is partially mitigated by FLERO’s model design, as
it is an outcome-based model that is being trained
explicitly for such mispredictions by exploiting novel
FLACS features. In this way, errors can become oppor-
tunities for refinement rather than simple propaga-
tion, similar to boosting methods in machine learn-
ing. Nevertheless, external validation across diverse
populations is essential to ensure FLERO consistently
refines BUII’s predictions rather than inheriting its
limitations.

Finally, the dataset included a mix of spherical
(N = 2235, 94.6%) and toric (N = 128, 5.4%) IOLs.
Theoretically, spherical power IOL calculations should
be equally applicable to both types. Indeed, the impact
of (minor) toric IOL presence in the training set
was assessed and found to be negligible (analysis
not shown). Future research could explore whether a
model specifically designed for toric IOLs could yield
improved performance. Additionally, the study was
restricted to J&J IOLs, potentially limiting the gener-
alizability of the results to IOLs from other manufac-
turers.
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