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Abstract

INTRODUCTION: Cerebral amyloid angiopathy (CAA) is a cerebrovascular condi-

tion, the severity of which can only be determined post mortem. Here, we developed

machine learning models, the Florey CAA Score (FCAAS), to predict CAA severity

(none/mild/moderate/severe).

METHODS: Building on an auto-score-ordinal algorithm, the FCAAS models were

developed and validated using data collected by three cohort studies of aging and

dementia. The developed FCAAS models were digitized as a web-based tool. A pilot

trial was conducted using this web-based tool.

RESULTS: The FCAAS-4 achieved a mean area under the receiver operating charac-

teristic curve (AUC-ROC) of 0.74 (95% confidence interval: 0.71–0.77) and a Harrell

generalized c-index of 0.72 (0.70–0.75). Pilot trial results obtained a mean AUC-ROC

of 0.82 (0.71–0.85) andHarrell generalized c-index 0.79 (0.73–0.82).

DISCUSSION: The FCAAS models demonstrate a promising performance in predict-

ing CAA severity. This framework holds the potential for predicting development of

amyloid-related imaging abnormalities (ARIAs), given the CAA–ARIAs link.
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Highlights

∙ The severity of cerebral amyloid angiopathy (CAA) can only be determined post

mortem.

∙ Aweb tool, the Florey CAA Score (FCAAS), was developed to predict CAA severity.

∙ The FCAAS holds the potential to be used for CAA risk stratification in clinics.

∙ CAA is linked to increased risk of amyloid-related imaging abnormalities (ARIAs).

∙ The framework used by FCAAS can possibly be adapted to predict ARIAs risk.
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1 BACKGROUND

Cerebral amyloid angiopathy (CAA) is a cerebrovascular condition

characterized by the accumulation of amyloidogenic proteins in the

cerebral blood vessel walls, leading to a weakened vasculature with

increased risk of intracerebral hemorrhages.1 Recently, CAA has been

brought to the attention of more clinicians and dementia researchers

due to its link to the immunotherapy-related adverse effect in

Alzheimer’s disease (AD). The adverse effect, amyloid-related imag-

ing abnormalities (ARIAs), has been observed in the clinical trials of

monoclonal antibody drugs (mAbs) targeting amyloid-beta (Aβ) in AD

patients.2,3

The diagnosis of CAA is not straightforward. As per the Boston

2.0 Criteria,4 probable or possible CAA can be diagnosed clinically

in patients aged ≥ 50 years who have characteristic hemorrhagic

findings and/or white matter features on brain magnetic resonance

imaging (MRI) scan in the absence of an alternative cause.5 How-

ever, a definitive diagnosis of CAA is only achievable through post

mortem examination of the brain,6 which is also currently the only

approach to determine the severity of CAA (none, mild, moderate,

severe).7 Tools that can predict the severity of CAA would be clini-

cally important. These tools have a wider use, with the potential to

inform the use of antithrombotics in people with CAA; for exam-

ple, it can prompt a risk–benefit discussion with patients predicted

to develop severe CAA. In addition, given the link between CAA and

ARIAs,8,9 these tools can possibly be adapted to facilitate ARIAs risk

stratification, which can also informARIAsMRImonitoring protocols.

Here,wedevelopedandvalidated fourmachine learningmodels, the

Florey CAA Score (FCAAS). These models were built on an AutoScore

ordinal algorithmand leveragedondata collectedby three cohort stud-

ies of aging anddementia. Allmodelsweredesigned for classifyingCAA

severity, each addressing different ranges and extents of severity to

provide flexibility in clinical applications. Importantly, the FCAAS has

achieved promising performance in a simulation pilot trial.

2 METHODS

2.1 Data sources and ethics

In this study, we use data from the Religious Orders Study and

the Memory and Aging Project (ROSMAP)10 for model development

and validation, and data from the Latino CORE Study (LATC)11 and

the Minority Aging Research Study (MARS)12 were used for simula-

tion pilot trials. These studies use similar data collection protocols

and inclusion/exclusion criteria, except that their targeted ethnicity

populations are different. Data can be requested from https://www.

radc.rush.edu/. Each study was approved by the institutional review

board of Rush University Medical Center. All participants provided

informed consent, signed an Anatomic Gift Act for brain donation, and

agreed to a repository agreement, allowing their data and biospeci-

mens to be shared. Data collection for these longitudinal studies has

been described in previous studies.10–12 The present study performed

RESEARCH INCONTEXT

1. Systematic review: The authors conducted a literature

search using PubMed to explore diagnostic methods for

cerebral amyloid angiopathy (CAA). The findings revealed

that probable CAA is typically diagnosed via magnetic

resonance imaging, while definitive diagnosis requires

post mortem neuropathology. Currently, no tool exists to

predict CAA neuropathological severity.

2. Interpretation: We developed and validated the Florey

CAA Score (FCAAS) to predict CAA neuropathological

severity. This model was digitized as a web-based tool,

and its pilot trial demonstratedpromisingperformance. In

addition, our machine learning feature selection process

identified key risk factors that may potentially contribute

tomore severe CAA.

3. Future directions: The FCAAS holds the potential to pre-

dict intracerebral hemorrhage risk, contingent upon the

predicted CAA severity being evaluated against clinical

outcomes in future studies. Given that more severe CAA

is associated with a higher risk of amyloid-related imag-

ing abnormalities (ARIAs), the framework used by FCAAS

could also be explored for predicting ARIAs risk.

secondary data analysis, which is exempted from ethics approval

requirements.

2.2 Participants and features

The study initially recruited 2118 participants from the ROSMAP,

LATC, andMARSstudieswhohavebrainpostmortemdata available. For

pre-processing, variables with> 10%missing data were removed from

further analysis. The variables included in the study are listed in Table

S1 in supporting information, and fall under nine categories, includ-

ing clinical diagnosis, cognitive function, demographics, depression,

disability, genetics, lifestyle, medical conditions, and neuropathology.

For neuropathology data, we retained only amyloid density and tangle

density, as they can be assessed using positron emission tomography

imaging in living patients. This is an important consideration in prepar-

ing theFCAAS for practical clinical application. In addition,we removed

participants who have missing data for any of the variables included.

This process resulted in a final selection of 1727 ROSMAP and 60

LATC/MARS participants in the current study. The prediction outcome

is the CAA severity (none, mild, moderate, severe).

2.3 FCAAS model construction

The severity of CAA pathology follows a natural order (none, mild,

moderate, severe), and therefore is an ordinal outcome. The develop-

ment of the FCAAS model is based on an algorithm and R package

https://www.radc.rush.edu/
https://www.radc.rush.edu/
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calledAutoScore ordinal,13 an automated framework designed to facil-

itate the development and validation of risk prediction models for

ordinal outcomes by systematically identifying potential features from

high-dimensional data. An architecture framework has been prepared

to illustrate the model construction process (Figure S1 in supporting

information).

The AutoScore ordinal algorithm comprises six modules: (1) Fea-

ture ranking: all variables are ranked based on their importance using

a random forest algorithm for ordinal classification. (2) Variable trans-

formation: all continuous variables (age, alcohol consumption, amyloid

density, blood pressure, body mass index, Mini-Mental State Exam-

ination (MMSE) score, social network size, tangle density, years of

education) are converted to categorical variables to simplify inter-

pretation and account for potential non-linear relationships between

the features and the outcome. This approach is widely used for med-

ical data to reduce the impact of outliers on model performance.14

(3) Score derivation: weights associated with variables are developed

using the cumulative link model, a widely used regression model in

studies of ordinal outcomes.15 Scores for each variable are generated

through rescaling and normalization of the weights. (4) Feature num-

ber determination: this step involes a parsimony analysiswith a 10-fold

cross-validation to balance model performance and complexity, ulti-

mately determining the final number of features for the FCAAS. (5)

Fine-tuning: the cut-off values for continuous variables generated by

the algorithm may not be clinically meaningful, and therefore they

are fine-tuned with cut-offs adjusted based on standard clinical norms

(e.g., clinical guidelines). (6) Model evaluation: the developed model

is evaluated on the unseen dataset. Details of the AutoScore ordinal

framework anddata handling are available inMethods S1 in supporting

information. In this study, the ROSMAP dataset was randomly divided

into a non-overlapping training set (70%) and a test set (30%). The

training set was used for training, development, and fine-tuning of

the FCAAS (module 1–5), and the test set served as unseen data to

evaluate the performance (module 6).

We developed the FCAASmodels by considering (1) four categories

(none, mild, moderate, severe; referred to as FCAAS-4), (2) three cate-

gories (none, mild, moderate/severe; referred to as FCAAS-3), and (3)

two categories (none,mild/moderate/severe, referred to as FCAAS-2a;

none/mild, moderate/severe, referred to as FCAAS-2b). These models

were designed tomeet potential needs of clinical application; for exam-

ple, FCAAS-4 can predict disease severity, FCAAS-3 can differentiate

mild and moderate/severe CAA from people without CAA pathology,

while FCAAS-2a can predict if an individual would develop CAA or not.

FCAAS-2bwasdesigned to identify peoplewithmoderate/severeCAA,

as theymay have amuch higher risk of ARIAs if theywere provided the

anti-AβmAbs. Developingmultiplemodelswill enable future studies to

identify which risk stratification approach is most beneficial.

2.4 FCAAS model evaluation

As illustrated in Figure S1, model evaluation was conducted on the

test set using a mean area under the receiver operating characteris-

tic curve (AUC-ROC) and a Harrell generalized c-index as metrics for

evaluation. For classificationwithN categories, it decomposes intoN-1

binary classifications, and the AUC-ROC across these binary classifica-

tions is referred to as the mean AUC-ROC.16 The Harrell generalized

c-indexmeasures the proportion of concordant pairs (i.e., when predic-

tions and observed outcomes generate the same ranking for a pair of

observations, including tied ranks) among all possible pairs of obser-

vations. This is commonly used to evaluate classification models.17,18

For both the mean AUC-ROC and the Harrell generalized c-index, a

value of 0.5 indicates random performance, while a value of 1 indicates

perfect prediction performance. Evaluation outcomes were reported

with a bias-corrected 95% bootstrap confidence interval (CI). Sensitiv-

ity and specificitywere calculated for FCAAS-2a&2b, given they are for

a binary classification.

The performance of the FCAAS models was compared to the

following baseline models: a proportional odds model with least

absolute shrinkage and selection operator feature selection (POM-1),

a proportional odds model with stepwise feature selection (POM-

2), and a proportional odds model using the features selected in

modules 1 and 4 of FCAAS (POM-3). Comparing POM-1, POM-

2, and POM-3 to FCAAS-3 and FCAAS-4 models highlights the

advantages of the AutoScore ordinal algorithm over commonly

used ordinal outcome classification models. For binary classifica-

tion, logistic regression using all features (logistic-all) and logistic

regression with random forest feature selection (logistic-selected)

were also used as baseline models. Both models are frequently

used for binary classification and were therefore selected for

comparison to FCAAS-2a&2b.

2.5 Web-based tool development

The FCAAS models developed in this study have been digitized

as a web-based tool through a co-design process with health con-

sumers and clinicians.19 This is to ensure the web-based tool is more

likely to be accepted by the end users after its implementation. The

co-design was held virtually and physically via the Victorian Co-design

Research Hub. This tool prompts clinicians to input data into several

specifically chosen features. Once the required information is entered,

the tool calculates the FCAAS at the web backend and the predicted

CAApathologywill bemade available to the clinicians. In this paper, we

only showcase the FCAAS-4 to avoid repetition.

2.6 Simulation pilot trial of FCAAS-4 for LATC
and MARS

To test the FCAAS web-based tool, a simulation pilot trial with 60

participants drawn from the LATC and MARS studies was conducted.

These data were not seen during the FCAAS model construction and

validation. The FCAAS results were computed using the AutoScore

ordinal algorithm, handled by a researcher (G.J.) who was blind to the

participants’ clinical diagnoses. The predicted results from the pilot
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trial were then compared to the clinical diagnoses to assess mean

AUC-ROC andHarrell generalized c-index.

2.7 Software and packages

All data preprocessing and analyses were performed using Python ver-

sion 3.9 and RStudio version 12.0+369. The developed model relies

on the AutoScore ordinal package in the R 3.5.3 programming envi-

ronment (R Foundation).20 The AutoScore ordinal package enables

the convenient creation of point-based clinical scoring models to pre-

dict outcomes, minimizing manual intervention for data processing,

parameter tuning, andmodel optimization.

3 RESULTS

3.1 Participant characteristics

Using an AutoScore ordinal algorithm, the FCAAS model was devel-

oped based on 1727 participants in the ROSMAP study, and a pilot

trial on 60 LATCandMARSparticipants. For ROSMAPparticipants, the

mean age at baseline was 80.10 years (standard deviation [SD]= 7.00).

The average MMSE score at baseline was 27.60 (SD = 2.83). Approx-

imately 68.9% of the participants are female, with a mean education

level of 16.29 years (SD = 3.58). At death, 21%, 41%, 23%, and 15%

participantswerediagnosedneuropathologicallywith none,mild,mod-

erate, or severe CAA, respectively. For LATC and MARS, the mean

age at baseline was 75.93 years (SD = 6.65). The average MMSE

score at baseline was 27.13 (SD = 3.31). Approximately 66.7% of the

participants are female, with a mean education level of 14.48 years

(SD= 3.13). At death, 43%, 18%, 25%, and 14% participants were diag-

nosed neuropathologically with none, mild, moderate, or severe CAA,

respectively. The detailed participant characteristics are summarized

in Table 1 and Table S2 in supporting information.

3.2 Outcomes of FCAAS-4 model construction
and evaluation

We first performed a random forest feature selection to identify the

most to least important features for ordinal classification. The feature

importance ranking (Figure 1) highlights that amyloid density and tan-

gle density are the two most important features related to CAA. This

is consistent with the observation that higher Aβ levels are a crucial

prerequisite for vascular amyloidosis,21 and that CAA is significantly

associated with the formation of neurofibrillary tangles.22 The third

most important feature is age, which is consistent with the clinical

observation that age is a risk factor for CAA.7 Body mass index (BMI)

also emerges as a key feature, although this conflicts with a previ-

ous finding showing no significant difference in BMI between people

with and without CAA.23 In addition, variables such as blood pressure,

social network size (the sum of all individuals with whom an individual

has contact at least once every 2 weeks), education, apolipoprotein E

(APOE) genotype, and MMSE score are highlighted as important fea-

tures, which are generally supported by clinical and epidemiological

evidence.24–26

To balance the complexity and performance of the FCAAS-4 model,

a parsimony analysis was conducted to determine the optimal number

of features. As shown in the parsimony plot (Figure 2), we observed a

sharp increase in themeanAUC-ROCwhen the FCAASmodel incorpo-

rated one to five features (AUC-ROC 0.45–0.68). The mean AUC-ROC

gradually increasedwhenmore features were added, reaching its peak

at 10 features (meanAUC-ROC0.68–0.75). Additional features did not

improve themeanAUC-ROC further. Therefore, 10 featureswere used

by the FCAAS-4model, balancingmodel complexity and performance.

After feature selection, a cumulative log-link regression model

was used to derive scores for each category/interval of the selected

features (Table 2, left panel). The maximum FCAAS score is 100.

The performance metrics on the validation set were 0.76 (95% CI,

0.75–0.78) for mean AUC-ROC and 0.73 (0.72–0.75) for the Harrell

generalized c-index. We thereafter manually fine-tuned the intervals

for clinical relevance. The refined intervals were [0, 0.72), [0.72, 0.93),

[0.93, 1.28), and ≥ 1.28 for amyloid density;27 [0, 0.79), [0.79, 1.11),

[1.11, 1.91), and ≥ 1.91 for tangle density;27 [0, 18.5), [18.5, 25), [25,

30), and ≥ 30 for BMI.28 For diastolic blood pressure, the intervals

are < 60, [60, 80), [80, 90), and ≥ 90, while for systolic blood pres-

sure, the intervals are < 120, [120, 150), and ≥ 150.29 For MMSE, the

intervals are [0, 25), [25. 29).28–30 The updated scores for the selected

features, after fine-tuning, are presented in Table 2, right panel.

The performance metrics of the fine-tuned FCAAS-4 model on the

validation set were 0.75 (95% CI, 0.73–0.77) for mean AUC-ROC, and

0.73 (0.71–0.74) for the Harrell generalized c-index, which were com-

parable to the performance of the FCAAS-4modelwithout fine-tuning.

Despite this, incorporating fine-tuning is necessary, as it integrates clin-

ical information into the score derivation process, allowing for a more

meaningful interpretation compared to the quantile-based intervals

determined by the Auto-Score algorithm.

After fine-tuning, the FCAAS-4 was evaluated on the test set,

achieving a mean AUC-ROC of 0.73 (95% CI, 0.72–0.74) and a Har-

rell generalized c-index of 0.71 (0.70–0.72). The score was mapped

to the predicted CAA severity, as per Table 3, which was generated

by the AutoScore algorithm. The score of none, mild, moderate, and

severe CAA fall in the range of [0, 20), [20, 50), [50, 55), and [55,

100], respectively. We also plotted the risk for non-overlapping inter-

vals to illustrate the probability of different CAA severity in Figure 3,

whichdemonstrates that as the score increases, theprobabilityofmore

severeCAA increases. Overall, these results indicate that the FCAAS-4

model can distinguish people with CAA pathology from those without

and differentiate CAA severity.

3.3 Outcomes of FCAAS-3 and FCAAS-2a&2b
model construction and evaluation

Additional models were developed to classify CAA across different

ranges or extents of severity, potentially addressing varying clinical
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TABLE 1 Participant characteristics.

Features ROSMAP LATC andMARS

Cognitive status CU: 1160;MCI: 451; AD: 116 CU: 43;MCI: 12; AD: 5

Self-reportedmemory complaints Yes: 1113; No: 614 Yes: 22; No: 38

Mini-Mental State Examination (MMSE) 27.60 (2.83) 27.13 (3.31)

Age (years) 80.10 (7.00) 75.93 (6.65)

Education (years) 16.29 (3.58) 14.48 (3.13)

Sex Female: 1190,Male: 537 Female: 40,Male: 20

Modified epidemiologic studies depression scale 1.14 (1.56) 0.98 (1.14)

Instrumental activities 1.13 (1.58) 0.62 (0.92)

Basic activities 0.17 (0.61) 0.10 (0.44)

Mobility disability 0.80 (0.97) 0.72 (0.96)

APOE genotype ε3/ε3:1061; ε4/ε3:382; ε3/ε2:211; ε4/ε4:30;
ε4/ε2:33; ε2/ε2:10

ε3/ε3:27; ε4/ε3:15; ε3/ε2:10; ε4/ε4:2;
ε4/ε2:6; ε2/ε2:0

Bodymass index 26.77 (4.89) 30.17 (7.68)

Daily alcohol intake (number of drink/day) 0.45 (0.98) 0.40 (0.99)

Smoking habits Yes:1209; No:518 Yes:38; No:22

Social network sizea 7.45 (8.52) 6.90 (9.46)

Diastolic blood pressure (mmHg) 72.62 (10.75) 76.79 (12.46)

Systolic blood pressure (mmHg) 135.71 (17.81) 135.53 (20.32)

Hypertension Yes: 814; No: 913 Yes: 45; No: 15

Self-reportedmedical historyb 1.37 (1.08) 1.75 (1.02)

Diabetes Yes: 211; No: 1516 Yes: 17; No: 43

Heart conditionsc Yes: 214; No: 1513 Yes: 8; No: 52

Cancer Yes: 569; No: 1158 Yes: 17; No: 43

Thyroid conditions Yes 314; No: 1413 Yes 9; No; 51

Claudication Yes: 111; No: 1616 Yes 6; No: 54

Vascular disease burdend 0.27 (0.53) 0.32 (0.62)

Vascular disease risk factore 0.89 (0.78) 1.67 (0.90)

Amyloid density 1.05 (0.74) 0.78 (0.71)

Tangle density 1.35 (0.98) 1.19 (1.14)

CAA pathologyf 0: 367; 1: 708; 2: 398; 3: 254 0: 26; 1: 11; 2: 15; 3: 8

Follow up years 8.95 (5.81) 8.72 (4.62)

Note: All datawere collected at baseline except neuropathology data (i.e., amyloid density, tangle density, CAApathology). Datawere presented asmean (SD).

Follow-up year was the time between baseline and participant deceased.

Abbreviations: AD, Alzheimer’s disease; APOE, apolipoprotein E; CAA, cerebral amyloid angiopathy; CU, cognitively unimpaired; LATS, Latino CORE Study;

MARS, Minority Aging Research Study; MCI, mild cognitive impairment; ROSMAP, Religious Orders Study and theMemory and Aging Project; SD, standard

deviation.
aNumber of communitymembers, relatives, and friends seen at least once amonth.
bMeasure of sevenmedical conditions, including hypertension, diabetes, heart conditions, cancer, thyroid conditions, head injury, and stroke.
cHeart attack, coronary thrombosis, coronary occlusion, myocardial infarction.
dClaudication, stroke, heart conditions.
eHypertension, diabetes, smoking history.
f0= none, 1=mild, 2=moderate, 3= severe; four brain regions (midfrontal, midtemporal, parietal, and calcarine cortices) were assessed for CAA pathology

in themeningeal and parenchymal vessels and the severity is determined by averaging all brain regions, semi-quantitatively assessed by neuropathologist.

needs. The development of FCAAS-3 and FCAAS-2a&2b followed the

same methodology as FCAAS-4. In Module 1, random forest feature

selection was used to rank features by their importance for FCAAS-3

and FCAAS-2a&2b, as shown in Figure S2 in supporting information.

The variable rankings for these models were similar to the FCAAS-4,

with minor alterations in the importance values. The parsimony anal-

ysis for FCAAS-3 and FCAAS-2a&2b in Modules 2–4, along with the

corresponding parsimony plots, are presented in Figure S3 in sup-

porting information. According to the parsimony plots, the optimal

number of features for FCAAS-3, FCAAS-2a, and FCAAS-2b is ten,
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F IGURE 1 Feature ranking. The x axis displays the importance determined by the random forest feature selection, and the y axis lists the
names of all the features included in the study. Awider bar indicates greater importance. APOE, apolipoprotein E;MMSE,Mini-Mental State
Examination.

ten, and eight, respectively. The fine-tuned scores for FCAAS-3 and

FCAAS-2a&2b are summarized in Table S3 in supporting information.

The FCAAS-3 achieved a mean AUC-ROC of 0.76 (95% CI, 0.74–0.77)

and a Harrell generalized c-index of 0.73 (0.72–0.75). The FCAAS-2a

achieved an AUC-ROC of 0.78 (0.73–0.82), sensitivity of 0.71 (0.67–

0.76), and specificity of 0.76 (0.69–0.84), with a threshold score of 41.

The FCAAS-2b obtained an AUC-ROC of 0.76 (0.72–0.80), a sensitiv-

ity of 0.73 (0.68–0.79), and a specificity of 0.71 (0.66–0.75), with a

threshold score of 35.

3.4 Comparison between the baseline models and
FCAAS

The comparisons among four FCAAS models and their baseline mod-

els havebeen summarized in Table 4. Theperformanceof FCAAS-4was

better thanPOM-1 (meanAUC-ROC: 0.68 (95%CI, 0.66–0.69), Harrell

generalized c-index: 0.60 (0.59–0.61)), POM-2 (mean AUC-ROC: 0.69

(0.67–0.70), Harrell generalized c-index: 0.64 (0.63–0.65)), and POM-

3 (mean AUC-ROC: 0.69 (0.68–0.70), Harrell generalized c-index:

0.69 (0.67–0.70)). Similarly, FCAAS-3 demonstrated a superior perfor-

mance compared toPOM-1 (meanAUC-ROC:0.72 (0.71–0.73),Harrell

generalized c-index: 0.66 (0.65–0.67)), POM-2 (mean AUC-ROC: 0.70

(0.67–0.72), Harrell generalized c-index: 0.68 (0.67–0.69)), and POM-

3 (mean AUC-ROC: 0.67 (0.65–0.69), Harrell generalized c-index:

0.69 (0.68–0.70)). The performance of FCAAS-2a was superior to the

logistic-all model (AUC-ROC: 0.66 (0.61–0.71), sensitivity: 0.81 (0.74–

0.84), specificity: 0.38 (0.32–0.46)), and the logistic-selected model

(AUC-ROC: 0.70 (0.68–0.72), sensitivity: 0.83 (0.78–0.87), specificity:

0.38 (0.30–0.44)). The performance of FCAAS-2b was better than the

logistic-all model (AUC-ROC: 0.65 (0.61–0.70), sensitivity: 0.75 (0.67–

0.78), specificity: 0.39 (0.34–0.50)), and the logistic-selected model

(AUC-ROC: 0.67 (0.63–0.72), sensitivity: 0.77 (0.71–0.81), specificity:

0.40 (0.31–0.49)).

3.5 Simulation pilot trial of FCAAS-4

We have digitized the FCAAS-4 as a web-based tool, which automat-

ically calculates the score once the required information is entered (a

demo video is provided as Supplemental video file in supporting infor-

mation). The calculated FCAAS scores for the trial participants are

presented in Table S4 in supporting information. This trial achieved a

mean AUC-ROC of 0.82 (0.71–0.85) and a Harrell generalized c-index

of 0.79 (0.73–0.82). Overall, the pilot trial results support the potential

clinical application of FCAAS in the CAA severity prediction.
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Final Parsimony plot based on 10−fold Cross Validation

F IGURE 2 Parsimony plot for the FCAAS-4. The plot displays the averagemean AUC-ROC values as an increasing number of features are
used by the FCAAS-4model. The number annotated on each bar represents the cumulative number of features used. Taller bars indicate better
performance. APOE, apolipoprotein E; AUC-ROC, area under the receiver operating characteristic curve; FCAAS-4, Florey Cerebral Amyloid
Angiopathy Score, 4-categorymodel; MMSE,Mini-Mental State Examination.

4 DISCUSSION

To our knowledge, this is the first report of machine learning mod-

els designed to predict CAA severity. The AutoScore ordinal algorithm

ranked the importance of all predictive features and used a parsimony

analysis to determine the optimal number of features required by the

FCAAS, balancing model complexity and performance. In addition, a

score table was generated, assigning different scores to each cate-

gory of the selected features. From the score tables (Table 2, Table

S3), we observed that APOE variants (ε4/ε2, ε4/ε3, ε4/ε4, and ε2/ε2),
amyloid density (> 0.72), and tangle density (> 1.91) are major con-

tributors to the FCAAS score, with the exception that APOE was not

selected by the FCAAS-2a model. This observation is well aligned

with clinical/epidemiological evidence.21,22 Of note, the APOE ε4/ε4
variants received the highest score among all the variants, which

is likely due to the higher Aβ load associated with APOE ε4.31 We

noted that APOE ε2 may also contributed to a higher score, which

agrees with a previous study reporting both APOE ε2 and APOE ε4

being correlated with an increased amyloid accumulation in cere-

bral vasculature.32 Interestingly, as demonstrated in the score tables,

hypertension and hypotension can both contribute to a higher score

for FCAAS, which should be investigated in future studies. The FCAAS

models achieved promising performances; the observation that all

FCAASmodels perform better than the baselinemodels (Table 4) high-

lights the advantages of using the Auto-Score ordinal algorithm for

ordinal classification compared to the common algorithms used by the

baseline models. Overall, these results highlight that our developed

models are aligned with evidence-based medicine, and our selected

algorithm is appropriate for the prediction of CAA severity.

To evaluate the performance of FCAAS on external dataset, we per-

formed a simulation pilot trial on the LATC and MARS participants,

and a mean AUC-ROC of 0.82 (0.71–0.85) and a Harrell generalized

c-index of 0.79 (0.73–0.82)were achieved. This achievement is promis-

ing, especially considering the distinct ethnic backgrounds among the

LATC, MARS, and ROSMAP participants. The FCAAS model demon-

strates potential for generalizability to a diverse population. However,
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TABLE 2 Score table for FCAAS-4model.

Features

Before fine-tuning After fine-tuning

Interval Score Interval Score

Amyloid density* [0, 0.151) 0 [0, 0.72) 0

[0.151, 1.71) 16 [0.72,0.93) 13

[1.71, 2.18) 17 ≥ 0.93 15

≥ 2.18 18

Tangle density* [0, 0.253) 0 [0, 0.79) 0

[0.253, 0.576) 2 [0.79,1.91) 4

[0.576, 1.99) 6 ≥ 1.91 10

[1.99, 3.31) 11

≥ 3.31 15

Age [0, 67.8) 1 [0, 67.8) 4

[67.8, 73.8) 0 [67.8, 73.8) 0

[73.8, 86.1) 2 [73.8, 86.1) 2

[86.1, 90.6) 5 [86.1, 90.6) 4

≥ 90.6 8 ≥ 90.6 9

BMI* [0, 19.8) 2 [0, 18.5) 0

[19.8, 22.8) 5 [18.5,25) 4

[22.8, 30.5) 6 [25,30) 5

[30.5, 36.5) 5 ≥ 30 3

≥ 36.5 2

Diastolic blood pressure* [0, 55.2) 6 [0, 60) 4

[55.2, 63) 0 ≥ 60 0

[63, 81) 1

[81, 90) 0

≥ 90 2

Systolic blood pressure* [0, 110) 5 <120 4

[110, 121) 3 [120,150) 0

[121, 150) 0 ≥ 150 4

[150, 166) 3

≥ 166 2

Social network size [0, 1) 7 [0, 1) 7

[1, 3) 0 [1, 3) 0

[3, 20) 3 [3, 11) 3

≥ 20 7 [11, 20) 4

≥ 20 8

Education [0, 19) 0 [0, 12) 8

[19, 22) 2 [12, 19) 0

≥ 22 0 [19, 22) 2

≥ 22 0

APOE genotype ε2/ε2 4 ε2/ε2 1

ε2/ε3 4 ε2/ε3 5

ε2/ε4 14 ε2/ε4 17

ε3/ε3 0 ε3/ε3 0

ε3/ε4 9 ε3/ε4 10

ε4/ε4 28 ε4/ε4 33

(Continues)
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TABLE 2 (Continued)

Features

Before fine-tuning After fine-tuning

Interval Score Interval Score

MMSE* [0, 22) 1 [0, 25) 0

[22, 30) 0 [25, 29) 2

[29, 30) 1

Note: *fine-tuning based on clinical norms.

Abbreviations: APOE, apolipoprotein E; BMI, bodymass index; FCAAS-4, Florey Cerebral Amyloid Angiopathy Score, 4-categorymodel; MMSE,Mini-Mental

State Examination.

TABLE 3 FCAAS-4 scoring with probability.

Score None Mild Moderate Severe

[0,5] 77.66% 19.22% 2.36% 0.75%

(5,10] 69.21% 26.05% 3.58% 1.16%

(10,15] 60.15% 32.94% 5.18% 1.72%

(15,20] 50.35% 39.7% 7.41% 2.54%

(20,25] 40.52% 45.35% 10.39% 3.74%

(25,30] 31.4% 48.92% 14.21% 5.47%

(30,35] 23.51% 49.75% 18.79% 7.94%

(35,40] 17.11% 47.69% 23.81% 11.39%

(40,45] 12.17% 43.12% 28.64% 16.07%

(45,50] 8.51% 36.87% 32.43% 22.19%

(50,55] 5.88% 29.94% 34.38% 29.8%

(55,60] 4.02% 23.24% 34.01% 38.72%

(60,65] 2.74% 17.38% 31.41% 48.47%

(65,70] 1.85% 12.61% 27.2% 58.34%

(70,100] 0.58% 4.29% 12.18% 82.95%

Abbreviation: FCAAS-4, Florey Cerebral Amyloid Angiopathy Score, 4-

categorymodel.

we must acknowledge that all datasets used in this study were col-

lected by the Rush University Medical Center, and therefore they are

strictly not completely independent, as the LATC/MARS cohorts may

share data collection protocols with the ROSMAP cohort. Regardless,

we do not expect the performance of FCAAS would be significantly

affected by dataset bias, given the use of Auto-Score algorithm using

a scoring system. We have previously constructed and validated a

different model, the Florey Dementia Risk Score (FDRS), using the

Auto-Score algorithm for binary classification of AD dementia (healthy

vs. diseased).33 The Auto-Score ordinal algorithm used in the cur-

rent study is an advanced version extending the binary classification

to the ordinal outcome prediction. For the FDRS, an AUC of 0.82

(95% CI, 0.75–0.88) was achieved for internal validation with the Aus-

tralian Imaging, Biomarker and Lifestyle (AIBL) dataset, and an AUC of

0.82 (95% CI, 0.77–0.86) was achieved when the FDRS was externally

evaluated using the ROSMAP data.

The FCAAS tools may have several potential clinical applications.

This prediction tool could be used to inform antithrombotic use in

people with CAA as mentioned earlier. With further validation, this

tool may offer the possibility to predict intracerebral hemorrhage risk,

if the predicted CAA severity can be evaluated against clinical out-

comes in future studies. Although there is a possible link between

CAA and ARIAs risk from receiving mAbs,9,34,35 whether the FCAAS

can be used for ARIAs risk stratification is yet to be explored. It must

be acknowledged that translating post mortem measurements into in

vivo assessments can be challenging, and therefore the FCAAS mod-

elswill require further optimization. Regardless, the AutoScore ordinal

algorithm, used by the FCAAS, may have the potential for developing

newmodels to predict ARIAs. Future studies exploring risk factors and

biomarkers for ARIAs for the development of suchmodels are needed.

ARIAs are currently detected through brain MRI scans. To monitor

the occurrence of ARIAs, an MRI scan is recommended prior to the

5th, 7th, and 14th infusions of lecanemab. An additionalMRI scan prior

to the 26th infusion is also recommended, especially for those who

are APOE ε4 carriers or had evidence of ARIAs (even asymptomatic)

on earlier MRIs.36 Our global health systems, however, are not fully

equipped to provide anti-AβmAbs as early interventions for people liv-

ing with AD. This is partially due to the costly monitoring for ARIAs,

which presents challenges not only in funding the necessary scans but

also in accessing scanners within a reasonable distance for patients,

and the availability of specialized radiologists to read the scans. From

the patient perspective, the need for repetitive imaging would be an

accumulative burden on older adults. Our FCAAS if adapted for ARIAs

risk stratification can be a potential solution to this emerging issue in

dementia treatment by informing the ARIAsmonitoring protocol.

The performance of the FCAAS models may be influenced by sev-

eral potential sources of error and bias. For example, some features

were self-reported by the study participants (e.g., social network size),

which could introduce recall bias. In addition, the model was trained,

validated, and evaluated using datasets collected from related cohort

studies (ROS, MAP, LATC, MARS). It would be ideal to externally eval-

uate our models using a completely independent dataset to ensure

model robustness and generalizability; however, CAA pathology is not

often collected in dementia cohort studies. Moreover, participants in

the ROS study were older religious clergy from across the United

States, although the MAP study expanded the cohort to include non-

clergy participants from the Chicago area. This could contribute to

selection bias. Finally, our predictive outcome (CAA severity) was

based on post mortem data, which are limited by the absence of a

reliable, definitive diagnostic method in living patients. Moreover, the

measurement of amyloid density and tau density is currently only

included in research settings, which is a limitation for immediate trans-
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TABLE 4 Comparison between FCAASmodels and baselinemodels.

Model Mean AUC-ROC Generalized c-index AUC-ROC Specificity Sensitivity

FCAAS-4 0.73 (0.72–0.74) 0.71 (0.70–0.72) NA NA NA

POM-1 0.68 (0.66–0.69), p< 0.001 0.60 (0.59–0.61), p< 0.001 NA NA NA

POM-2 0.69 (0.67–0.70), p< 0.001 0.64 (0.63–0.65), p< 0.001 NA NA NA

POM-3 0.69 (0.68–0.70), p< 0.001 0.69 (0.67–0.70), p< 0.009 NA NA NA

FCAAS-3 0.76 (0.74–0.77) 0.73 (0.72–0.75) NA NA NA

POM-1 0.72 (0.71–0.73), p= 0.002 0.66 (0.65–0.67), p= 0.001 NA NA NA

POM-2 0.70 (0.67–0.72], p= 0.001 0.68 (0.67–0.69), p= 0.001 NA NA NA

POM-3 0.67 (0.65–0.69), p= 0.001 0.69 (0.68–0.70), p= 0.002 NA NA NA

FCAAS-2a NA NA 0.78 (0.73–0.82) 0.76 (0.69–0.84) 0.71 (0.67–0.76)

Logistic-all (a) NA NA 0.65 (0.61–0.70), p< 0.001 0.39 (0.34–0.50) 0.75 (0.67–0.78)

Logistic-selected (a) NA NA 0.67 (0.63–0.72), p< 0.001 0.40 (0.31–0.49) 0.77 (0.71–0.81)

FCAAS-2b NA NA 0.76 (0.72–0.80) 0.71 (0.66–0.75) 0.73 (0.68– 0.79)

Logistic-all (b) NA NA 0.66 (0.61–0.71), p< 0.001 0.38 (0.32–0.46) 0.81 (0.74–0.84)

Logistic-selected (b) NA NA 0.70 (0.68–0.72), p< 0.001 0.38 (0.30–0.44) 0.83 (0.78–0.87

Note: Purple = four classification (none, mild, moderate, severe); orange = three classification (none, mild, moderate/severe); blue = binary classification

(none/mild,moderate/severe); green=binary classification (none/mild,moderate, severe). TheAUC-ROCof eachFCAASmodelwas compared to thebaseline

models using theWilcoxon signed-rank test, and the P value for each comparisonwas annotated for the corresponding baseline.

Abbreviations: AUC-ROC, area under the receiver operating characteristic curve; FCAAS-4, Florey Cerebral Amyloid Angiopathy Score; POM, proportional

oddsmodel.

lation of FCAAS models into the clinics. However, the FCAAS models

can be readily updated as new predictive outcomes from alternative

diagnostic/quantificationmethods become available.

In conclusion, the FCAAS tools have been developed to predict

the severity of CAA neuropathology. The score-based risk prediction

system used by the FCAAS and its web-based platform can be used

by clinicians without prior knowledge in machine learning. Several

potential clinical applications have been proposed; however, thiswould

require careful clinical and implementation evaluation before this tool

can be translated into clinical practice.
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