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Abstract 

Background: Alzheimer’s disease is a progressive neurodegenerative disorder with no curative treatment. 

Identifying distinct subphenotypes and understanding potential personalized modifications remain critical 

unmet needs. 

Methods: We applied unsupervised learning techniques to electronic medical records from UCSF to 

identify distinct Alzheimer’s disease subphenotypes based on comorbidity profiles. We conducted 

enrichment analyses to determine cluster-specific comorbidities. Based on the observed sex-based 

differences, we subsequently conducted sex-stratified analyses to assess differences in disease 

manifestations between males and females. Findings were validated using an independent UC-Wide 

dataset. 

Results: Among 8,363 patients, we identified five Alzheimer’s disease subphenotypes, characterized by 

comorbidities related to cardiovascular conditions, gastrointestinal disorders, and frailty-related 

conditions such as pneumonia and pressure ulcers. Sex-stratified analyses revealed significant differences 

in comorbidity distributions across clusters. Notably, in Cluster 2, circulatory diseases were more 

prevalent among males, whereas in Cluster 3, bladder stones were more common among females. Key 

results were consistent across the UCSF and UC-Wide datasets. 

Conclusions: Our study identifies clinically meaningful Alzheimer’s disease subphenotypes and 

highlights sex-specific variations, suggesting potential underlying biological factors such as 

Apolipoprotein E and gut microbiome alterations contributing to Alzheimer’s disease heterogeneity. 

These findings underscore the need for further research into the biological mechanisms driving these 

differences and may inform the development of individualized therapeutic regimens. 

Funding: This study was supported by grants from the National Institute on Aging (R01AG060393 and 

R01AG057683).  
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Introduction 

Alzheimer’s disease (AD) is the most common cause of dementia, characterized by progressive cognitive 

decline, neurodegeneration, and increasing burdens on patients, caregivers, and healthcare systems. With 

rising prevalence and no curative treatments, AD represents a major public health crisis worldwide. 

Despite decades of research, its biological mechanism remains incompletely understood, making early 

diagnosis and effective management challenging. Pathologically, AD is defined by the accumulation of β-

amyloid (Aβ) plaques, hyperphosphorylated tau neurofibrillary tangles, glial changes (microglia and 

astrocytes), and subsequent neurodegeneration (1, 2). Clinically, AD has traditionally been 

conceptualized as an amnestic disorder predominantly affecting memory, in those 65 and older, but 

growing evidence suggests that it can also manifest at an earlier age and with non-amnestic behavioral, 

executive, language, visuospatial, and asymmetric motor coordination phenotypes. 

The greatest risk factor for developing AD is age followed by Apolipoprotein E (APOE) genetic status. 

Cardiovascular and metabolic risk factors have also been shown to affect risk in typical amnestic late-

onset AD (LOAD) presentations, while novel risk factors may apply in earlier onset and non-amnestic 

presentations (3). Increasingly, sex has also emerged as a critical factor in understanding AD risk, 

progression, and clinical manifestations. Women account for approximately two-thirds of AD cases in the 

United States, and their lifetime risk of developing AD is significantly higher than that of men (4). 

However, once diagnosed, men with AD tend to have a shorter survival time, while women experience 

greater memory impairment (5-7). Recent studies indicate that sex may modify multiple aspects of AD, 

including susceptibility of AD, progression, and molecular pathology including APOE (8-13). Despite 

these insights, the impact of sex on AD presentations is not fully understood, highlighting the need for 

further research into sex-specific disease subphenotypes. 

Recent advances in electronic medical records (EMRs) and machine learning have enabled large-scale, 

data-driven approaches to studying AD heterogeneity. EMRs capture a wide range of real-world health 

data, including multimorbidity patterns, medication histories, and disease trajectories, making them 
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valuable resources for identifying novel AD subtypes and potential therapeutic targets (14). Data-driven 

phenotyping approaches have revealed distinct AD subtypes influenced by factors such as sex and race 

(15-18), but comprehensive and unbiased analyses for sex-specific patterns among subphenotypes of AD 

remain largely unexplored. Deeper characterizing AD-related comorbidities and their subphenotypes may 

uncover novel risks for the disease and might facilitate the development of individualized therapeutic 

regimens that could serve as adjuvants to the current anti-amyloid- and anti-tau-based treatments, 

maximizing therapeutic benefits for patients through a truly personalized therapeutic approach. 

In this study, we apply unsupervised clustering to a large EMR dataset of mainly LOAD presentations to 

identify if subphenotypes within this group exist. By leveraging real-world clinical data, we aim to 

uncover novel insights into LOAD heterogeneity, which may inform precision medicine approaches and 

improve comprehensive, sex-specific care for individuals with AD. 

Results 

Patient characteristics 

AD cohorts were identified from University of California (UC) San Francisco (UCSF) data and UC-Wide 

data, with UCSF patients excluded from the latter, respectively. We identified 8,363 AD patients from the 

UCSF EMRs (5,315 female (64%); median age: 90.0 [IQR: 84.0–91.0]) (Figure 1). From the UC-Wide 

validation dataset, we identified 25,896 AD patients (16,036 female (61.9%); median age: 89.0 [IQR: 

82.0–90.0]). In both datasets, AD patients were predominantly “White” (62.0% at UCSF, 65.7% in the 

UC-Wide dataset), followed by those classified as "Other" and “Asian”. At UCSF, most AD patients 

(75.0%) were recorded as "Alive," whereas in the UC-Wide dataset, only 50.9% were alive. Additionally, 

the median number of comorbidities recorded at UCSF was lower compared to the UC-Wide dataset 

(UCSF: median = 23.0 [IQR: 9.0–63.0]; UC-Wide: median = 40.0 [IQR: 16.0–88.0]). Other demographic 

characteristics of AD patients are presented in Table 1 and 2. 
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Low-dimensional embeddings derived from principal components of diagnostic data reveal five sub-

phenotypes of AD 

The analysis data consisted of patient-level diagnostic records, where each row represented an individual 

patient and each column corresponded to one of 33,031 unique diagnosis names across 8,363 AD patients. 

Diagnosis names were one-hot encoded, with a binary value indicating the presence or absence of each 

diagnosis for a given patient. To mitigate the impact of redundant or noisy features, Principal Component 

Analysis (PCA) was applied to diagnosis names (33,031 features) prior to K-means clustering. For the 

UCSF dataset, we selected 1,000 principal components, capturing approximately 80% of the cumulative 

explained variance, as input features for clustering. 

Cluster determination was based on the analysis of within-cluster sum of squares (WSS) and silhouette 

scores. The WSS analysis indicated that after four clusters, the rate of WSS reduction diminished 

substantially, suggesting that increasing the number of clusters beyond four did not provide meaningful 

improvements in partitioning. Conversely, a sharp decline in the silhouette score was observed between 

five and six clusters (88.1%), indicating a considerable loss in clustering quality. These trends suggest 

that either a four- or five-cluster (Cluster 1–Cluster 5) solution could be appropriate. To balance cluster 

compactness with the representation of heterogeneity, the five-cluster solution was selected, as the four-

cluster solution may not fully capture the diversity of AD sub-phenotypes (Supplemental Table 1). 

Within the UCSF clusters, Cluster 5 had significantly fewer comorbidities (median = 12.0 [IQR: 5.0–

21.0], Bonferroni-corrected p-values < 0.05) compared to the other clusters, whereas Cluster 1 had the 

highest number of comorbidities (median = 313.5 [IQR: 258.0–379.0], Bonferroni-corrected p-values < 

0.05). In terms of age distribution, Cluster 4 (median = 91.0 [IQR: 90.0–91.0], Bonferroni-corrected p-

values < 0.05) was significantly older than Cluster 1, 3, and 5, followed by Cluster 2. Conversely, Cluster 

3 (median = 88.0 [IQR: 82.0–90.0], Bonferroni-corrected p-values < 0.05) was significantly younger than 

all other clusters (Supplemental Table 2). Black or African American individuals comprised 13% of 

Cluster 2 and 12% of Cluster 4, representing a higher proportion compared to other clusters (Bonferroni-
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corrected p-values < 0.05, Supplemental Table 2). Regarding sex, Cluster 5 included a significantly 

higher proportion of males than Cluster 4. Other demographic characteristics of each cluster are presented 

in Table 1. 

For the UC-Wide dataset, 19,835 unique diagnosis names from 25,896 AD patients were used as features 

for PCA. 1,100 principal components covering approximately 80% of the cumulative explained variance 

were selected as input features for K-means clustering. Consistent with the UCSF dataset, five clusters 

(Cluster A–Cluster E) were identified based on silhouette scores and WSS (Supplemental Table 1). The 

WSS reduction analysis indicated that the decrease from five to six clusters was relatively small, 

suggesting that increasing the number of clusters beyond five does not substantially improve clustering 

compactness. In contrast, the silhouette score analysis revealed a significant decline in clustering structure 

when increasing from four to five clusters (50.0%), indicating a reduction in cluster separation. Based on 

these findings, a four- or five-cluster solution appeared to provide the most stable clustering structure. 

Given that this study aims to capture the heterogeneity of comorbidity patterns in AD, the five-cluster 

solution was selected. 

Significant differences in the number of comorbidities were observed between Cluster A (median = 201.0 

[IQR: 166.0–253.0], Bonferroni-corrected p-values < 0.05) and Cluster B (median = 15.0 [IQR: 7.0–

25.0], Bonferroni-corrected p-values < 0.05) (Supplemental Table 2). Other demographic characteristics 

of each cluster are presented in Table 2. A low-dimensional Uniform Manifold Approximation and 

Projection (UMAP) visualization of the PCA-transformed components illustrates the distribution of AD 

patient clusters, sex differences, the number of comorbidities, and locations (Figure 2). 

Comorbidity enrichment analysis shows significant cluster-related comorbidities at UCSF 

Our analysis identified significant diagnoses in each cluster within the UCSF dataset (two-sided Fisher’s 

exact or Chi-squared test, Bonferroni-corrected p-value < 0.05) (Figure 3). Cluster 1 had 1,911 significant 

comorbidities, most of which were positively associated. In contrast, 1,650 significant comorbidities were 
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identified in Cluster 5, predominantly showing negative associations. However, a few conditions 

exhibited positive associations, including Pick’s disease. Cluster 2 – 4 displayed unique comorbidity 

enrichment patterns. For example, in Cluster 2 (985 significant comorbidities), the top positively 

associated diagnoses included laceration, phlebitis and thrombophlebitis, and benign neoplasm of the 

conjunctiva. Interestingly, Cluster 3 (682 significant comorbidities) showed negative associations with 

mental disorders and personality changes. Finally, Cluster 4 (245 significant comorbidities) exhibited 

positive associations with pneumonia and disseminated intravascular coagulation (Supporting Data). 

Manhattan plots illustrated the distribution of statistical significance (Supplemental Figure 2).  

Significant cluster-specific comorbidities at UCSF are subsequently validated in the UC-Wide 

validation cohort 

We identified cluster-specific comorbidities using UpSet plots (Figure 4). Cluster 1 exhibited the highest 

number of positively associated comorbidities (812 comorbidities), followed by Cluster 2 (225 

comorbidities). Cluster 3 had 96 positively associated comorbidities and one negatively associated 

comorbidity (personality change), while Cluster 4 had 13 positively and 6 negatively associated 

comorbidities. In contrast, Cluster 5 had only two positively associated comorbidities, whereas 1,581 

comorbidities were negatively associated. Examining the most significantly associated comorbidities 

specific to each cluster, we found that Cluster 3 was characterized by acute systolic heart failure and ileus, 

whereas pneumonia and brief psychotic disorder were observed in Cluster 4. In Cluster 5, we observed 

essential hypertension, anemia, and urinary tract infection as the most significantly associated 

comorbidities (Figure 5). 

Additionally, cluster-specific comorbidities with high odds ratios were identified (Figure 6A). Cluster 1 

showed the strongest association with complications of kidney transplant (OR = 227, Bonferroni-

corrected p-value < 0.05). In Cluster 2, phlebitis and thrombophlebitis had the highest odds ratio (OR = 

44.1, Bonferroni-corrected p-value < 0.05). Cluster 3 was characterized by infection and inflammatory 

reaction due to a urinary catheter (OR = 103, Bonferroni-corrected p-value < 0.05), followed by intestinal 
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obstruction (OR = 84.3, Bonferroni-corrected p-value < 0.05). Additionally, dysphagia was significantly 

associated with Cluster 3 (OR = 5.3, Bonferroni-corrected p-value < 0.05, Supporting Data). Cluster 4 

was significantly associated with poisoning by cardiac-stimulant glycosides (OR = 23.6, Bonferroni-

corrected p-value < 0.05), pneumonia (OR = 10.6, Bonferroni-corrected p-value < 0.05), and pressure 

ulcer (OR = 7.5, Bonferroni-corrected p-value < 0.05). Lastly, in Cluster 5, Pick’s disease was 

significantly enriched (OR = 13.4, Bonferroni-corrected p-value < 0.05).  However, ORs in our study 

should be interpreted with caution, as the frequency of certain diagnoses in each cluster was relatively 

small, which may have led to inflated odds ratios (Supporting Data). 

In the UC-Wide validation dataset, we identified corresponding UC-Wide clusters for each UCSF cluster 

based on the overlap in significant comorbidities, as visualized by Sankey plots (Figure 7A). The 

proportion of significant comorbidities in each UCSF cluster that were also captured in the corresponding 

UC-Wide clusters ranged from 20% to 55%. For instance, 239 of the 812 (29.4%) significant 

comorbidities identified in UCSF Cluster 1 were also observed in the matched UC-Wide Cluster A, which 

itself contained 1,976 cluster-specific significant comorbidities. 

To further evaluate the consistency of comorbidity enrichment across datasets, we examined the 

correlation of shared comorbidities using Log-Log plots (Figure 7B). UCSF cluster-specific comorbidities 

with high odds ratios including phlebitis and thrombophlebitis in Cluster 2, intestinal obstruction and 

infection and inflammatory reaction due to a urinary catheter in Cluster 3, and pneumonia and pressure 

ulcer in Cluster 4, were largely replicated in their corresponding UC-Wide clusters. However, Cluster 2 

did not show a significant correlation with its matched UC-Wide Cluster A (Pearson r = 0.07, p = 0.68). 

Sex-stratified analysis identifies significantly associated cluster-sex-specific comorbidities at UCSF, 

which are subsequently validated in the UC-Wide validation cohort 

After illustrating the distribution of statistical significance in Miami plots, we identified cluster-sex-

specific comorbidities using UpSet plots (Figure 4, Supplemental Figure 3). When we focus on the 
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significant comorbidities exclusive to each cluster, in Cluster 1, females showed a strong association with 

pain-related conditions, whereas males were primarily associated with symptoms of the genitourinary 

system. In Cluster 2, females exhibit a strong association with tension-type headaches, whereas males are 

more frequently associated with circulatory diseases, including unstable angina and hypertensive heart 

disease. In Cluster 3, females show significant associations with pressure ulcers and osteoarthritis, while 

males are predominantly linked to respiratory diseases, such as acute pulmonary edema, and circulatory 

conditions, including acute systolic heart failure. In Cluster 4, females are significantly associated with 

pneumonia. In Cluster 5, we observed essential hypertension, anemia, and urinary tract infection across 

both sexes (Figure 8). 

Considering odds ratios, diabetes-related conditions were significantly associated with Cluster 1 in both 

sexes, with diabetes mellitus due to an underlying condition with diabetic chronic kidney disease being 

predominant in females (OR = 146) and diabetes mellitus with hyperosmolarity in males (OR = 169). 

Similarly, Pick’s disease remained highly associated with Cluster 5 across both sexes (Female OR = 8.6, 

Male OR = 4.1).  In Cluster 2, females exhibit stronger associations with eye diseases, such as 

pingueculitis (OR=50.4, Bonferroni-corrected p-value < 0.05), whereas males are more associated with 

circulatory diseases, including hypertension (OR=43.5, Bonferroni-corrected p-value < 0.05) and elevated 

erythrocyte sedimentation rate (ESR) (OR=32.7, Bonferroni-corrected p-value < 0.05). In Cluster 3, 

females demonstrate high odds ratios for tinnitus (OR=57.7, Bonferroni-corrected p-value < 0.05), 

intestinal obstruction (OR=57.7, Bonferroni-corrected p-value < 0.05), and bladder calculus (OR=25.3, 

Bonferroni-corrected p-value < 0.05), while males are significantly associated with infection and 

inflammatory reaction (OR=75.5, Bonferroni-corrected p-value < 0.05) and enterocolitis (OR=55.5, 

Bonferroni-corrected p-value < 0.05). Lastly, in Cluster 4, females have strong associations with 

poisoning by cardiac-stimulant glycosides (OR=20.6, Bonferroni-corrected p-value < 0.05) and 

pneumonia (OR=15.2, Bonferroni-corrected p-value < 0.05), whereas males are associated with pressure 

ulcers (OR=12.1, Bonferroni-corrected p-value < 0.05) (Figure 6B and 6C, Supporting Data). However, 
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sex-stratified odds ratios should be interpreted with caution due to the limited number of cases for certain 

diagnoses, which may lead to variability in estimates. 

In the UC-Wide dataset, we identified corresponding UC-Wide clusters based on the coverage rate of 

UCSF cluster-specific comorbidities in each sex (Supplemental Figure 4). The matched UC-Wide clusters 

remained consistent with those identified in the overall population, except for UCSF Cluster 3 among 

females. For UCSF Cluster 4 among males, two UC-Wide clusters had the same coverage rate. In this 

case, the cluster that was consistently matched in the overall analysis and had one of the highest coverage 

rates was selected as the matched cluster. Between 15% and 60% of significant comorbidities in each 

UCSF cluster were recaptured by the matched UC-Wide clusters. Overall, UCSF cluster-specific 

comorbidities with high odds ratios —such as elevated ESR in Cluster 2 among males, intestinal 

obstruction in Cluster 3 among females, and infection and inflammation reaction due to urinary catheter, 

and enterocolitis in Cluster 3 among males—were largely replicated in the UC-Wide clusters. However, 

some Pearson correlation coefficients were neither strong nor statistically significant (Figure 9). 

Discussion 

In this study, we analyzed multi-site EMR by applying dimensionality reduction, followed by clustering 

analysis, and in the process we identified five sub-phenotypes of AD based on comorbidities. Enrichment 

analysis comparing a specific cluster with the other clusters revealed clinical heterogeneity and 

highlighted sex-specific differences. Furthermore, our study demonstrated the robustness and 

generalizability of the identified heterogeneity by validating findings in the independent UC-Wide cohort. 

In the following sections, we present our findings and discuss their implications. 

Cluster 1: high comorbidity burden with non-AD-specific conditions 

We performed comorbidity enrichment analysis for overall populations. Cluster 1 was characterized by a 

high comorbidity burden, suggesting the presence of numerous comorbidities that are not clearly related 
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to AD, such as complications of kidney transplant. The high comorbidity burden trend in this cluster 

remains consistent between males and females.  

Cluster 2: older age and cardiovascular conditions 

Cluster 2 has a relatively high proportion of Black or African American individuals. Given that AD 

prevalence is about twice as high in this population compared to non-Hispanic Whites, this suggests the 

role of APOE-independent risk factors, such as social determinants of health (4, 19, 20). 

Additionally, patients in Cluster 2 were generally older and exhibited enriched comorbidities such as 

phlebitis and thrombophlebitis. This condition is known as age-related and is associated with functional 

decline, such as reduced mobility (21). Furthermore, previous literature suggests that increased fibrinogen 

aggregation and Aβ fibrillization occur in AD brain parenchyma and vessels and induce the formation of 

abnormal fibrin clots that are more resistant to degradation (22, 23). Additionally, recent studies have 

shown that blood-derived fibrin deposits in the central nervous system are a common feature of 

autoimmune and neurodegenerative diseases, including AD (24, 25). These findings highlight fibrin as a 

potential therapeutic target for immunotherapy designed to reduce fibrin-induced neurotoxicity (26). 

There is no strong evidence for the impact on peripheral blood vessels caused by the abnormal fibrin clots 

in the brain; however, previous evidence shows that peripheral treatment with a low molecular weight 

heparin reduces plaques and Aβ accumulation in a mouse model of Alzheimer's disease (27). This 

suggests a possibility that increased fibrinogen aggregation and Aβ in AD patients may contribute to 

vascular abnormalities such as phlebitis. 

Cluster 3: younger age and gastrointestinal dysfunction 

Cluster 3 includes relatively younger individuals and, interestingly, exhibited significant negative 

associations with mental disorders. Given that mental disorders are commonly reported comorbidities in 

AD patients (28), this finding is particularly noteworthy. One possible explanation for the lower 

prevalence of mental disorders in Cluster 3 is the significantly younger age of patients in this cluster 
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compared to others. This aligns with prior research indicating that AD is a progressive disease in which 

the risk of comorbidities, including mental disorders, increases over time (29). On the other hand, 

previous evidence has demonstrated that early-onset AD (EOAD) is associated with a more aggressive 

clinical course and distinct biological mechanisms compared to LOAD (3, 30-32). Our findings indicate 

that the broad disease classification such as “Other specified mental disorders” constrains our ability to 

precisely determine which mental disorders were less prevalent in this cluster. Moreover, as the 

International Classification of Diseases, 10th Revision, Clinical Modification (ICD-10-CM) code for 

EOAD was not used as criteria for cohort selection in this study, we cannot ascertain whether this 

relatively younger population exhibits the same degree of heterogeneity as EOAD. 

Additionally, we identified infection and inflammatory reactions due to a urinary catheter, as well as 

intestinal obstruction, as positively associated comorbidities in Cluster 3. Some evidence shows the 

association between AD and infection or inflammatory reactions. For example, recent evidence suggests 

that infections and inflammatory diseases are interconnected, and the association between AD and 

inflammatory diseases exhibits sex-specific differences (33, 34). Furthermore, AD is a well-established 

contributor to urinary bladder and urethral dysfunction, often necessitating catheterization, which in turn 

increases the risk of urinary tract infections, cross-infections, and other related complications (35). 

Therefore, the combination of inflammation and reduced mobility associated with AD may contribute to 

the comorbidity profile observed in Cluster 3.  

Regarding intestinal obstruction, several possible mechanisms can be considered. First, reduced mobility 

including oropharyngeal dysphagia and altered nutritional intake associated with AD progression may 

contribute to gastrointestinal dysfunction such as constipation (36-38). Notably, dysphagia was identified 

as a Cluster 3-specific comorbidity (OR = 5.3, Bonferroni-corrected p-value < 0.05, Supporting Data), 

suggesting that individuals in this cluster may be at higher risk of malnutrition and associated 

gastrointestinal deficiency. Secondly, recent studies have explored the associations between AD and gut 

microbiota. The central nervous system has been demonstrated to be bidirectionally connected to the 
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gastrointestinal tract, the enteric nervous system, and the mycobiome via the sympathetic and 

parasympathetic nervous systems, forming the brain–gut–microbiota axis (39, 40). Research has shown 

that AD patients exhibit reduced microbial diversity compared to cognitively healthy individuals (41). It 

is hypothesized that AD-related alterations in gut microbiota may contribute to gastrointestinal 

dysfunction, potentially increasing the risk of intestinal obstruction. However, further research is required 

to elucidate the interplay between AD progression, gut microbiota alterations, and gastrointestinal 

complications, including intestinal obstruction. 

Cluster 4: advanced age and frailty-associated conditions 

Cluster 4 also has a relatively high proportion of Black or African American individuals and, along with 

Cluster 2, is suggested to represent a population with APOE-independent risk factors (4, 19, 20). 

Additionally, patients in Cluster 4 constituted the oldest subgroup and exhibited a higher prevalence of 

pneumonia, a condition commonly associated with aging and characterized by functional decline, 

including impaired swallowing function (42).  

Cluster 5: low comorbidity burden with potential overlap with frontotemporal dementia 

Cluster 5 has a significantly higher proportion of males. Given the rarity of male-dominant groups in AD, 

this finding highlights the need for further investigation into the underlying factors that contributed to the 

composition of this cluster.  

Cluster 5 showed the fewest positively associated comorbidities, with one notable exception, Pick’s 

disease. Pick’s disease can refer to both the clinical syndrome of behavioral variant frontotemporal 

dementia (bvFTD) and an underlying pathology. In the context of the medical record, it is most likely 

referring to the clinical syndrome, as the pathology diagnosis requires an autopsy. Of note, while the 

underlying causes of Pick’s disease are most non-AD frontotemporal lobar degeneration (FTLD) 

pathologies, up to 10% of the time bvFTD is due to underlying AD (43, 44). Additionally, the clinical 

syndrome of bvFTD is typically younger than that of amnestic AD, and this is the case regardless of the 
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FTD underlying pathology (45). Furthermore, bvFTD has been shown to have a higher percentage of 

male presentation (46, 47). Considering the demographics of Cluster 5—where the lower quartile of age 

is younger and the proportion of males is higher— there is a possibility that this cluster includes patients 

who reflect bvFTD due to underlying AD (sometimes referred to as bvAD or frontal variant AD) or were 

individuals where non-AD FTLD conditions were on the differential diagnosis. 

Sex specific analysis: 

Our findings underscored the presence of sex-specific disease manifestations in Clusters 2 and 3. In 

Cluster 2, hypertension and elevated ESR were strongly associated with males. Alongside hypertension, 

diseases known to increase ESR, such as diabetes (48) and cardiovascular disease (CVD) (49), are well-

established risk factors for AD. Previous studies have demonstrated strong associations between these 

conditions and cerebrovascular pathology, as well as cognitive decline (28, 50).  

Our findings suggest that Cluster 2 represents a specific subgroup of AD males with pronounced vascular 

and metabolic dysfunction, which contrasts with previous reports indicating that these conditions are 

more common in AD females generally. For instance, hypertension has been reported to be more common 

in AD women (11, 51). Additionally, a meta-analysis found that women with type 2 diabetes mellitus 

have a 19% higher risk of developing vascular dementia compared to men, although no significant sex 

differences were observed in AD risk (52). Despite this, the sex-specific association between diabetes, 

CVD, and AD remains understudied, making it difficult to draw definitive conclusions.  

A potential explanation for these sex differences lies in differential susceptibility to APOE-related 

mechanisms. While the interplay between APOE, AD, sex, and comorbidities remains incompletely 

understood, genetic studies have demonstrated that variations in the APOE genotype are associated with 

an increased risk of hypertension, CVD and diabetes (53-55). Furthermore, existing evidence suggests 

that the impact of APOE varies by sex, even when accounting for dosage (heterozygous or homozygous 

genotypes), with AD risk considerably higher for women than men (13, 56). Although our study lacks 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 25, 2025. ; https://doi.org/10.1101/2025.04.24.25326306doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.24.25326306
http://creativecommons.org/licenses/by-nc-nd/4.0/


16 
 

direct APOE genotype data, the observed patterns indicate that variations in APOE genotype distribution 

may contribute to the sex differences seen in Cluster 2. Notably, recent research utilizing machine-

learning techniques has proposed that the progression pathways of AD differ by sex and that multiple 

pathways exist within each sex. Among men, a subgroup has been reported to exhibit a distinct, rapid-

progression pathway linked to such as CVD and diabetes (18). While APOE genotype data was not 

included in that research, the reported findings align with the possibility that diseases influenced by 

APOE genotype, such as CVD and diabetes, contribute to disease heterogeneity in males. This supports 

the hypothesis that male AD patients in Cluster 2 may represent a distinct subset characterized by more 

pronounced vascular and metabolic dysfunction, potentially influenced by the effects of APOE genotype.  

Future research should integrate genetic data to further explore the role of APOE and other genetic factors 

in shaping comorbidity patterns. Additionally, understanding the interplay between sex, APOE genotype, 

and vascular risk factors could provide valuable insights for personalized risk assessment and targeted 

interventions in AD patients. 

In Cluster 3, our study found that calculus in the bladder was more strongly associated with females. 

Generally, urolithiasis, including bladder calculi, is more prevalent in males, and the most common 

kidney stone is calcium oxalate (57-59). One possible explanation for this finding is the influence of sex-

specific differences in microbiome alterations. Dysbiosis may lead to increased oxalate accumulation, 

which plays a central role in bladder stone formation (60). Recent studies have highlighted the 

relationship between gut microbiome alterations, AD, and sex differences. These findings suggest that 

microbial diversity changes observed in AD patients may be more relevant to females, potentially 

contributing to sex-specific differences in disease susceptibility and progression (41, 61). While the 

relationship between microbiome alteration, AD progression, and oxalate metabolism remains unclear, 

understanding these mechanisms may provide new therapeutic opportunities targeting the gut microbiome 

to improve gastrointestinal and neurological health in AD patients (62, 63).  
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If AD and bladder calculus are linked through microbiome dysregulation, Cluster 3 may overrepresent 

females in a later stage post-diagnosis. Since urinary retention is rare in females (64), symptoms may go 

unnoticed, leading to delayed diagnosis. Consequently, bladder calculus may only be detected once both 

urological and AD symptoms have advanced. However, as our study lacks data on diagnosis timing, 

further research incorporating disease onset and progression timelines is needed to validate this 

hypothesis. 

Validation analysis: 

In our validation analysis, many of these key associations from overall analysis and sex-stratified analysis 

were replicated in the UC-Wide dataset, supporting the robustness and generalizability of our findings. 

However, some Pearson correlation coefficients were not particularly high, suggesting the presence of 

unexplored heterogeneity within both datasets. This discrepancy may partly result from demographic 

differences between the UCSF and UC-Wide cohorts, which could have influenced the distribution of AD 

severity and comorbidity patterns.  

Limitations: 

There are several limitations in this study.  First, the presence of imbalanced data resulted in some odds 

ratios being disproportionately inflated. While key findings were consistent across both datasets, 

suggesting a certain level of reliability, potential biases due to sample size variation cannot be ruled out. 

Second, the potential for misdiagnosis of AD remains a concern, as our study did not incorporate 

biomarkers for confirmation, which may have introduced diagnostic inaccuracies. Third, data quality 

poses another limitation, as EMRs are primarily maintained for clinical rather than research purposes, 

leading to missing values and potential inconsistencies. 

Additionally, age data was not consistently recorded across datasets, with UCSF capping reported ages at 

91 and UC-Wide data capping at 90, which may have impacted age-related analyses. Furthermore, the 

case-control study design precludes establishing causal relationships or determining the temporal 
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sequence of disease progression. Regarding generalizability, our analysis was limited to medical 

institutions in California, necessitating caution when extrapolating these findings to other regions or 

populations. 

Finally, while our study primarily focused on LOAD, further research that focuses on EOAD is needed to 

fully elucidate the heterogeneity of AD. Despite these limitations, our research provides a comprehensive 

analysis of AD comorbidities, identifying distinct sub-phenotypes that highlight the heterogeneity in 

disease manifestation. 

Final thoughts: 

Through unsupervised learning, we identified five patient subgroups and revealed that AD-related 

comorbidities can be categorized into clinically meaningful subgroups: Cluster 2 was primarily associated 

with cardiovascular conditions, Cluster 3 with gastrointestinal disorders, and Cluster 4 with frailty-related 

conditions. Our findings suggest the presence of sub-phenotypes related to APOE genotypes and 

microbiome alterations related to AD, which may contribute to the observed differences in comorbidity 

patterns across sexes. Future studies incorporating genomic and microbiome data could provide deeper 

insights into the complex interplay between genetic susceptibility, microbiome composition, and disease 

progression in AD.  

Currently, anti-beta amyloid therapies are nearly universal and FDA-approved, with the next step being 

the addition of anti-tau therapies. Our findings suggest that, following these approaches, individuals may 

benefit from targeted therapeutics tailored to their specific cluster profiles, such as interventions to reduce 

systemic inflammation, protect against urinary tract infections, or prevent gastrointestinal diseases.  

Methods 

All clinical data used in this study were obtained from the University of California’s Health Data 

Warehouse (UCHDW) and the University of California Data Discovery Platform (UCDDP). This study 

identified subgroups of AD patients using K-means clustering after dimensionality reduction. 
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Comprehensive comorbidity enrichment analyses, including sex-stratified analysis, were conducted to 

characterize these clusters. Validation was performed using independent data from UCDDP to ensure the 

robustness of the findings.  

Sex as a biological variable 

Our study examined both males and females using stratified analyses to identify sex differences in AD 

subphenotypes. By conducting these analyses, we aimed to clarify potential sex-specific variations in 

disease characteristics. 

Patient cohort identification 

AD patients were identified from over five million records in the UCSF EMR dataset, which contains 

data from 1982 to 2020. Due to the de-identification process, all dates were shifted by up to one year 

while preserving relative dates. Additionally, birth dates before 1930 were adjusted to 1930, effectively 

treating all individuals born before 1930 as having an estimated age of 90 years. Patients were included in 

the study if they met the inclusion criteria of an estimated age above 64 years and a diagnosis of AD 

based on the presence of the ICD-10-CM codes G30.1, G30.8, or G30.9. We focused on LOAD because it 

is a highly polygenic disorder, whereas EOAD is thought to have a distinct etiology and a stronger genetic 

predisposition (30). Additionally, only patients with at least one documented comorbidity in addition to 

AD were included in the analysis. Sex was determined based on the most recent sex assignment recorded 

in the electronic medical record. UCDDP includes the de-identified records from UCSF, UC Los Angeles 

(UCLA), UC San Diego (UCSD), UC Davis (UCD), UC Irvine (UCI), and UC Riverside (UCR). As in 

the UCSF UCHDW dataset, the de-identification process adjusted the estimated age of all individuals 91 

years or older to 91 years. The validation cohort was identified using the same criteria from UCDDP, 

excluding UCSF records, and consisted of UC-Wide clinical data from 2012 to 2024.  

Dimensionality reduction and K-means clustering 
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To represent de-identified AD patients, one-hot encoding was performed for all diagnoses, excluding 

those explicitly related to Alzheimer’s disease. Patients with no recorded comorbidities other than AD 

were excluded from the clustering analysis. PCA was used to reduce the dimensionality of the dataset 

while preserving diagnostic information, with the number of components selected to cover at least 80% of 

the cumulative variance. K-means clustering was then applied to these PCA components, and the optimal 

number of clusters was determined based on a combination of silhouette scores and WSS reduction 

analysis. To visualize the clustering results, patient distributions were projected onto a lower-dimensional 

space using UMAP. 

Comorbidity enrichment analysis for overall trends of each cluster 

To examine overall trends within each cluster, enrichment analyses were conducted by comparing the 

frequency of diagnoses using ICD-10-CM codes between each cluster and all other clusters combined. 

For each diagnosis, the proportion of patients in the target cluster was compared to the proportion in the 

other clusters using Fisher’s exact test when the sample size was below five or the chi-squared test when 

the sample size was larger. Statistical significance was determined using a Bonferroni-corrected threshold 

of p-value < 0.05, and the directionality of associations was determined based on odds ratios. The 

statistical significance of associations was visualized using volcano plots, with effect sizes and 

magnitudes, while Manhattan plots (for the overall population) and Miami plots (for sex-stratified 

populations) illustrated the distribution of p-values across diagnoses. Sex-stratified analyses were 

performed to assess whether comorbidity patterns differed between male and female patients. 

Comorbidity enrichment analysis for cluster- or cluster-sex-specific comorbidities 

Cluster-specific comorbidities were identified by visualizing significant comorbidities using UpSet plots 

(65). The statistical significance of these comorbidities was displayed in Manhattan plots for the overall 

population and Miami plots for sex-stratified populations. To further explore the phenotypic 

characteristics of each cluster, a UMAP visualization was generated using standardized odds ratios of 
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cluster-specific comorbidities. Each dot represents a specific ICD-10-CM code, with its size 

corresponding to the odds ratio of the significantly associated cluster and its color indicating the 

respective cluster. The input features for the UMAP projection were derived from a matrix of 

standardized odds ratios in each cluster, where each row represents an ICD-10-CM code and each column 

corresponds to a cluster. Sex-stratified analyses were conducted to further investigate differences in 

comorbidity patterns between males and females. 

Sensitivity analysis 

To validate the robustness of the clustering and comorbidity enrichment results, the same approach used 

for the UCSF dataset was applied to the UC-Wide dataset. AD patients were identified using the same 

inclusion criteria, and dimensionality reduction and K-means clustering were performed as described 

previously. Due to the de-identification process, all estimated ages above 91 were recorded as 91 years. 

Cluster-specific comorbidities in the UC-Wide dataset were analyzed using the same statistical methods 

and visualized with UpSet plots. The relationships between clusters in the UCSF and UC-Wide datasets 

were examined by comparing cluster-specific comorbidities, and the degree of overlap was assessed using 

Sankey plots. The coverage rate for UCSF clusters was calculated as the proportion of UCSF cluster-

specific comorbidities that were statistically significant in UCSF and remained significant in UC-Wide 

clusters. The UC-Wide clusters with the highest coverage rates were identified as the best matches for 

each UCSF cluster. Log-log plots were used to compare the odds ratios of matched clusters between the 

UCSF and UC-Wide datasets for the overall population and sex-stratified subgroups. Pearson correlation 

analysis was performed to assess the linear relationship between the odds ratios, and the correlation 

coefficient and p-value were obtained to evaluate the statistical significance of the association. 

Statistics 

All statistical and computational analyses were conducted using Python, except for demographic table 

generation, which was performed in R. In the demographic table analysis, categorical variables such as 
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sex, race, and death status were compared across clusters using the Chi-squared test, while continuous 

variables such as age and the number of comorbidities were analyzed using the Kruskal-Wallis rank sum 

test. When the Kruskal-Wallis test indicated a significant difference among clusters, post-hoc pairwise 

comparisons were conducted using Dunn’s test with Bonferroni correction to identify which specific 

groups differed significantly. 

For comorbidity enrichment analysis, the proportions of patients in each ICD-10-CM code were 

compared using either Fisher’s exact test, if fewer than five patients were present in a given ICD-10-CM 

code, or the Chi-squared test otherwise. Diagnoses were considered significant if the p-value was below 

0.05 after Bonferroni correction, and the directionality of the association was determined using the OR. 

Study approval 

Ethical review and approval were waived for this study because it did not meet the definition of human 

participants research, and obtaining informed consent would not be possible or necessary. The datasets 

from UCHDW and UCDDP were fully de-identified prior to analysis, and the requirement for written 

informed consent was waived by the respective institutions in compliance with applicable ethical 

guidelines. 

Data availability 

The data supporting the findings of this study are not publicly available due to their sensitive nature. 

Access is restricted to UCSF-affiliated individuals and approved collaborators. Individuals not affiliated 

with UCSF may establish an official collaboration with a UCSF-affiliated investigator by contacting the 

principal investigator, Marina Sirota (marina.sirota@ucsf.edu). Requests for collaboration are typically 

processed within a few weeks. UCSF-affiliated individuals seeking access to the UCSF EMR database 

may contact UCSF’s Clinical and Translational Science Institute (ctsi@ucsf.edu) or the UCSF 

Information Commons team (Info.Commons@ucsf.edu) for more details. The UCDDP database is 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 25, 2025. ; https://doi.org/10.1101/2025.04.24.25326306doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.24.25326306
http://creativecommons.org/licenses/by-nc-nd/4.0/


23 
 

accessible only to UC researchers who have completed analyses within their respective UC institutions 

and have provided a justified rationale for scaling their analyses across multiple UC health centers. 

Censored source data for phenotype comorbidity enrichment analysis used to create Figure 3 and 6 are 

provided in Supporting Data. The code corresponding to this research is available at 

https://github.com/yukari-katsuhara/SexSubphenotypes_AD. 
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    Cluster 1, 

N = 328 
Cluster 2, 
N = 538 

Cluster 3, 
N = 815 

Cluster 4, 
N = 1,521 

Cluster 5, 
N = 5,161 

Overall, N 
= 8,363 

p-val 

Sex, n (%)        

< 0.05 Female  217 (66%) 358 (67%) 514 (63%) 
1,083 
(71%) 

3,143 
(61%) 

5,315 
(64%) 

Male  110 (34%) 180 (33%) 301 (37%) 438 (29%) 
2,000 
(39%) 

3,029 
(36%) 

Unknown   <10 (-) <10 (-) <10 (-) <10 (-) 18 (0.3%) 19 (0.2%) 

Race, n (%)        

< 0.05 

White or Caucasian  148 (45%) 248 (46%) 439 (54%) 897 (59%) 
3,431 
(66%) 

5,163 
(62%) 

Other/Unknown  45 (14%) 98 (18%) 75 (9.2%) 205 (13%) 886 (17%) 
1,309 
(16%) 

Asian  108 (33%) 90 (17%) 222 (27%) 109 (7.2%) 347 (6.7%) 876 (10%) 
Black or African 

American  27 (8.2%) 70 (13%) 65 (8.0%) 180 (12%) 240 (4.7%) 582 (7.0%) 
Native Hawaiian or 

Other Pacific Islander   <10 (-) 32 (5.9%) 14 (1.7%) 130 (8.5%) 257 (5.0%) 433 (5.2%) 

Death Status, n (%)        

< 0.05 Alive  218 (66%) 258 (48%) 550 (67%) 912 (60%) 
4,342 
(84%) 

6,280 
(75%) 

Deceased   110 (34%) 280 (52%) 265 (33%) 609 (40%) 819 (16%) 
2,083 
(25%) 

Age (yr), Median (IQR) 
  

89.5 (84.0-
91.0) 

90.0 (90.0-
91.0) 

88.0 (82.0-
90.0) 

91.0 (90.0-
91.0) 

90.0 (81.0-
91.0) 

90.0 (84.0-
91.0) < 0.05 

Comorbidities, Median 
(IQR) 
  

313.5 
(258.0-
379.0) 

132.0 
(106.0-
175.5) 

114.0 
(80.0-
156.0) 

47.0 (33.0-
65.0) 

12.0 (5.0-
21.0) 

23.0 (9.0-
63.0) 

< 0.05 

 
 
Table 1. Patient demographics in UCSF. Medians and interquartile ranges are presented as 
median (25th percentile-75th percentile). "Comorbidities" refers to "Number of comorbidities," 
which represents the total count of diagnoses per patient. The category "Unknown" in Sex 
includes records classified as “Unknown.” The category "Other/Unknown" in Race includes 
records classified as “American Indian or Alaska Native,” “Other,” “0,” “Unknown/Declined,” 
“Unknown,” and “Declined.” P-values were calculated using Pearson's Chi-squared test for Sex, 
Race, Death Status, and Location, and Kruskal-Wallis rank sum test for Age and Comorbidities. 
p-val, p-value. 
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    Cluster A, 
N = 1,765 

Cluster B, 
N = 12,112 

Cluster C, 
N = 2,080 

Cluster D, 
N = 4,146 

Cluster E, 
N = 5,793 

Overall, N 
= 25,896 p-val 

Sex, n (%)        

< 0.05 
Female  1,228 

(69.6%) 
7,414 

(61.2%) 
1,170 

(56.2%) 
2,370 

(57.2%) 
3,854 

(66.5%) 
16,036 
(61.9%) 

Male  537 (30.4%) 4,672 
(38.6%) 910 (43.8%) 1,776 

(42.8%) 
1,938 

(33.5%) 
9,833 

(38.0%) 
Unknown   <10 (-) 26 (0.2%) <10 (-) <10 (-) <10 (-) 27 (0.1%) 

Race, n (%)        

< 0.05 

White or Caucasian  1,234 
(69.9%) 

7,828 
(64.6%) 

1,322 
(63.6%) 

2,549 
(61.5%) 

4,085 
(70.5%) 

17,018 
(65.7%) 

Other/Unknown  248 (14.1%) 2,851 
(23.5%) 290 (13.9%) 728 (17.6%) 775 (13.4%) 4,892 

(18.9%) 

Asian  147 (8.3%) 993 (8.2%) 271 (13.0%) 556 (13.4%) 625 (10.8%) 2,592  
(10.0%) 

Black or African 
American 

 131 (7.4%) 419 (3.5%) 187 (9.0%) 287 (6.9%) 295 (5.1%) 1,319 
(5.1%) 

Native Hawaiian or 
Other Pacific Islander   <10 (-) 21 (0.2%) 10 (0.5%) 26 (0.6%) 13 (0.2%) 785(0.3%) 

Death Status, n (%)        

< 0.05 Alive  1,221 
(69.2%) 

6,265 
(51.7%) 717 (34.5%) 1,617 

(39.0%) 
3,367 

(58.1%) 
13,187 
(50.9%) 

Deceased   544 (30.8%) 5,847 
(48.3%) 

1,363 
(65.6%) 

2,529 
(61.0%) 

2,426 
(41.9%) 

12,709 
(49.1%) 

Location, n (%)        

< 0.05 

Site 1  320 (18.1%) 2019 
(16.7%) 315 (15.1%) 590 (14.2%) 1,112 

(19.2%) 
4,356 

(16.8%) 

Site 2  123 (7.0%) 2,629 
(21.7%) 185 (8.9%) 1,032 

(24.9%) 566 (9.8%) 4,535 
(17.5%) 

Site 3  765 (43.3%) 4,211 
(34.8%) 

1,185 
(57.0%) 

1,395 
(33.6%) 

2,845 
(49.1%) 

10,401 
(40.2%) 

Site 4  <10 (-) 85 (0.7%) <10 (-) <10 (-) <10 (-) 92 (0.4%) 

Site 5   557 (31.6%) 3,168 
(26.2%) 395 (19.0%) 1,128 

(27.2%) 
1,264 

(21.8%) 
6,512 

(25.1%) 
Age (yr), Median 
(IQR)   87.0 (82.0-

90.0) 
88.0 (81.0-

89.0) 
90.0 (87.0-

90.0) 
90.0 (84.0-

90.0) 
88.0 (82.0-

90.0) 
89.0 (82.0-

90.0) < 0.05 

Comorbidities, 
Median (IQR)   

201.0 
(166.0-
253.0) 

15.0 (7.0-
25.0) 

153.0 
(127.0-
185.0) 

52.0 (39.0-
71.0) 

76.0 (57.0-
100.0) 

40.0 (16.0-
88.0) < 0.05 

 
Table 2. Patient demographics in UC-Wide. Medians and interquartile ranges are presented 
as median (25th percentile-75th percentile). "Comorbidities" refers to "Number of comorbidities," 
which represents the total count of diagnoses per patient. The category "Unknown" in Sex 
includes records classified as “Unknown” and “*Unspecified.” The category "Other/Unknown" in 
Race includes records classified as “American Indian or Alaska Native,” “Other Race,” and 
“Unknown.” Site1 to Site5 are obfuscated representations of the following institutions: UCLA, 
UCSD, UCD, University of California, Irvine (UCI), and University of California, Riverside (UCR). 
P-values were calculated using Pearson's Chi-squared test for Sex, Race, Death Status, and 
Location, and Kruskal-Wallis rank sum test for Age and Comorbidities. p-val, p-value. 
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Figure 1. Cohort selection and overview of study design. Alzheimer’s disease patients > 64 
years with at least one comorbidity were included in this study. (1) K-means clustering was 
performed following Principal Component Analysis (PCA). (2) Each cluster was characterized 
based on cluster-specific comorbidities. For validation, (3) the same approach was applied to 
the UC-Wide cohort, excluding UCSF patients. ICD10-CM, the International Classification of 
Diseases, 10th Revision, Clinical Modification; PCA, Principal Component Analysis; UC, 
University of California 
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Figure 2. UMAP visualizations using PCA components as features. UMAP plots are colored 
by cluster (A and D), sex (B and E), and number of comorbidities (C and F). Each dot 
represents a patient. A–C correspond to the UCSF cohort, while D–G represent the validation 
cohort in the UC-Wide dataset. UC, University of California 
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Figure 3. Volcano plot identifies overall trends of each cluster  
The volcano plot displays enriched ICD10-CM codes identified using the two-sided Fisher’s 
exact test (for cases < 5) or the Chi-squared test (for cases ≥ 5). Enrichment was determined 
based on a Bonferroni-corrected p-value < 0.05. Odds ratios were calculated by comparing 
each specific cluster to all other clusters. A: Cluster 1, B: Cluster 2, C: Cluster 3, D: Cluster 4, 
E: Cluster 5. ICD10-CM, the International Classification of Diseases, 10th Revision, Clinical 
Modification.  
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Figure 4. UpSet plot identifies significant cluster-specific comorbidities.  
UpSet plot illustrating significant cluster-specific comorbidities. Panels represent the overall 
population (A: Positive associations, B: Negative associations), females (C: Positive 
associations, D: Negative associations), and males (E: Positive associations, F: Negative 
associations). 
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Figure 5. Manhattan plot for cluster-specific significant comorbidities 
Manhattan Plot displaying enriched ICD10-CM codes identified using the two-sided Fisher’s 
exact test (for cases < 5) or the Chi-squared test (for cases ≥ 5). Enrichment was determined 
based on a Bonferroni-corrected p-value < 0.05. A: Cluster 1, B: Cluster 2, C: Cluster 3, D: 
Cluster 4, E: Cluster 5. ICD10-CM, the International Classification of Diseases, 10th Revision, 
Clinical Modification.  
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Figure 6. UMAP visualizations using odds ratios as features for each cluster. This figure 
presents a UMAP visualization of ICD-10-CM codes based on their standardized ORs across 
different clusters. Each dot represents a specific ICD-10-CM code, with the dot size 
corresponding to the OR of the significantly associated cluster and the color indicating the 
corresponding cluster. The input features for the UMAP projection were derived from a matrix of 
standardized ORs of cluster-specific comorbidities. These standardized ORs were calculated by 
comparing the prevalence of each diagnosis within a specific cluster against all other clusters 
using Fisher’s exact test (for cases < 5) or the Chi-squared test (for cases ≥ 5). A Bonferroni-
corrected p-value threshold of 0.05 was applied to identify significantly enriched diagnoses. A: 
Overall population, B: Female, C: Male. ICD-10-CM, International Classification of Diseases, 
10th Revision, Clinical Modification; UMAP, Uniform Manifold Approximation and Projection.  
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Figure 7. Validation analysis of cluster-specific significant comorbidities. 
A Sankey plot illustrating the overlap of significant comorbidities across UCSF and UC-Wide 
populations within each cluster. The coverage rate represents the proportion of UCSF cluster-
specific comorbidities that were statistically significant in UCSF and remained significant in UC-
Wide clusters, identifying the most closely matched UC cluster. Number of cluster-specific 
comorbidities: Cluster 1 (812), Cluster 2 (225), Cluster 3 (97), Cluster 4 (19), Cluster 5 (1,583), 
Cluster A (1,976), Cluster B (2,731), Cluster C (819), Cluster D (40), Cluster E (19) 
B–F Log-log plot showing significant overlapping comorbidities and the concordance of odds 
ratios for overlapping conditions in the overall population. P-values were calculated from 
Pearson correlation analysis. UC, University of California. 
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Figure 8. Miami plot for cluster-specific significant comorbidities. Miami Plot displaying 
enriched ICD10-CM codes identified using the two-sided Fisher’s exact test (for cases < 5) or 
the Chi-squared test (for cases ≥ 5). Enrichment was determined based on a Bonferroni-
corrected p-value < 0.05. ICD10-CM, the International Classification of Diseases, 10th Revision, 
Clinical Modification. A: Cluster 1, B: Cluster 2, C: Cluster 3, D: Cluster 4, E: Cluster 5. 
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Figure 9. Validation analysis of cluster-specific significant comorbidities across sex. Log-
log plot illustrating the significant overlapping comorbidities and the concordance of odds ratios 
for these conditions in the sex-stratified population. The covered rate represents the proportion 
of UCSF cluster-sex-specific comorbidities that remain significant in both the UCSF and UC-
Wide datasets. A, C, E, G, I: Cluster 1–Cluster 5 (Female) vs. Matched UC-Wide Cluster 
(Female), B, D, F, H, J: Cluster 1–Cluster 5 (Male) vs. Matched UC-Wide Cluster (Male). P-
values were calculated from Pearson correlation analysis. UC, University of California. 
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