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SUMMARY
Autoimmunity has been proposed to increase Alzheimer’s disease (AD) risk, but evaluating the clinical
connection between autoimmune disorders and AD has been difficult in diverse populations. We investigate
risk relationships between 26 autoimmune disorders and AD using retrospective observational case-control
and cohort study designs based on electronic health records for >300,000 individuals at the University of Cal-
ifornia, San Francisco (UCSF) and Stanford University. We discover that autoimmune disorders are associ-
ated with increased AD risk (odds ratios [ORs] 1.4–1.7) across study designs, primarily driven by endocrine,
gastrointestinal, dermatologic, and musculoskeletal disorders. We also find that autoimmune disorders
associate with increased AD risk in both sexes, but the AD sex disparity remains in those with autoimmune
disorders: women exhibit higher AD prevalence than men. This study identifies consistent associations be-
tween autoimmune disorders and AD across study designs and two real-world clinical databases, establish-
ing a foundation for exploring how autoimmunity may contribute to AD risk.
INTRODUCTION

Alzheimer’s disease (AD) is a debilitating neurodegenerative

disease that is accompanied by enormous social and eco-

nomic burdens, and its prevalence is increasing due to the

growing aging population worldwide.1,2 AD is characterized

biologically by amyloid plaques and tau deposition in the

brain, while clinical syndromic diagnoses, such as specific

forms of progressive memory loss, have evolved with the

development of better AD diagnostic tests and biomarkers.3,4

Treatments that slow cognitive decline have been a large

focus of AD research over the past several years,5 and under-

standing of underlying risks and pathogenesis in order to treat

the disease at an earlier stage is especially important consid-

ering that current treatments are still unable to fully rescue

normal cognition.6
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Many prior molecular and genetic studies suggest a potential

role of the immune system and chronic inflammation in AD path-

ogenesis.7–9 Indeed, over half of the genetic variants associated

with AD to date are primarily expressed in immune cells.10

Furthermore, several studies point to immune pathways like the

NLRP3 inflammasome11 and complement system12–14 becoming

dysregulated in AD experimental animal and human models.

However, the extent of contribution of immune system dysfunc-

tion to AD remains poorly understood at the clinical phenotype

level in diverse human populations. Autoimmune disorders are

one potential source of chronic immune dysregulation, and their

clinical risk relationship with neurodegenerative diseases like

AD has yet to be fully characterized. Furthermore, autoimmune

disorders exhibit a similar sex disparity to AD,15,16 affecting

women more so than men,17–19 suggesting a potential relation-

ship between biological mechanisms and clinical manifestations
rch 18, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
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that has yet tobequantified. Therefore, studying risk relationships

in individuals with autoimmune disorders and AD will provide a

powerfulway to understand the role of autoimmunity as a risk fac-

tor for AD overall and across sexes.

With advances in curation of real-world datasets20 such as

electronic health records (EHRs), there is a great opportunity

to investigate clinical risk relationships between many autoim-

mune disorders and AD. The large sample sizes that EHRs pro-

vide allow for robust analyses that can be stratified in a sex- and

disease-specific manner and validated across hospital sites.

Here, we quantify associations between AD and 26 autoimmune

disorders in the University of California, San Francisco (UCSF)

EHR system to explore the biological effects of immune dysfunc-

tion on AD pathogenesis at the phenotypic level. We show that

there is a clear and consistent association between autoimmune

disorders and AD risk overall and in both men and women, but

that women with autoimmune disorders continue to demon-

strate the highest AD prevalence. We show evidence for an

increased AD risk association for specific autoimmune disorders

and disorder subtypes, and we further investigate the timing of

AD onset in patients with autoimmune disorders. Finally, we pro-

vide validation of the risk associations in the Stanford EHR sys-

tem and control for comorbidities to demonstrate stability of the

results across different study designs, medical centers, and po-

tential confounding factors.

RESULTS

We selected patients with autoimmune disorders and/or AD for

case-control and cohort study designs from the UCSF and

Stanford EHR databases, which contain information on over 5

million and 3.8 million patients, respectively. We identified indi-

viduals with AD and each of 26 different autoimmune disorders

of interest (Table S1) using a multi-step algorithm based on

standardized billing concepts confirmed by clinician review

(STARMethods). Type 1 diabetes, rheumatoid arthritis, autoim-

mune thyroiditis, and inflammatory bowel disease were among

the most prevalent conditions in the study groups. The case-

control study groups consisted of 7,812 individuals (3,906 pa-

tients with AD and 3,906 non-AD controls, Figures 1 and S1)

from UCSF and 13,292 individuals (6,646 patients with AD

and 6,646 non-AD controls, Figures 1 and S1) from Stanford.

The cohort study groups consisted of 27,630 individuals

(13,815 patients with autoimmune disorders and 13,815 non-

autoimmune controls, Figures 1 and S1) from UCSF and

260,516 individuals (130,258 patients with autoimmune disor-

ders and 130,258 non-autoimmune controls, Figures 1 and

S1) from Stanford. Women made up a majority of each of our

study groups, representing 61.9% (case-control) and 57.9%

(cohort) of individuals in the UCSF study groups and 62.3%

(case-control) and 64.9% (cohort) of individuals in the Stanford

study groups. Further demographic information including life-

span and self-reported race and ethnicity values across study

designs and EHR datasets is listed in Table 1.

To evaluate the accuracy of diagnoses in our study groups, we

conducted a chart review on 50 randomly selected individuals

from the UCSF study groups to confirm AD diagnoses (STAR

Methods). Among the individuals whose notes had sufficient
2 Cell Reports Medicine 6, 101980, March 18, 2025
data to confidently determineADstatus, therewereonly two false

positives (individuals incorrectly classified as having AD when

they did not) and no false negatives (individuals classified as

not having AD when they did). Thus, the positive predictive value

(PPV) for the approach was 0.82, the negative predictive value

was 1.0, and the sensitivity was 1.0.

We compared the risk of being diagnosed with AD in patients

with autoimmune disorders compared to non-autoimmune

controls across case-control and cohort study designs in

both the discovery (UCSF) and validation (Stanford) datasets.

We then evaluated the risk of AD in the study groups in a sex-

stratified manner and across multiple levels of autoimmune dis-

order stratifications to determine specific autoimmune drivers

associating with AD risk.

Autoimmune disorders are significantly associated with
increased AD risk overall andwithin sex-specific groups
In the case-control study groups, individuals with autoimmune

disorders had significantly higher odds of an AD diagnosis

compared to non-autoimmune controls in both discovery (odds

ratio [OR] = 1.7, 95% confidence interval [CI] 1.4–2.0, p =

2.5e�9, Figure 2A) and validation (OR = 1.4, 95% CI 1.2–1.6,

p = 1.4e�7, Figure 2A) datasets. We observed even larger AD

risk associations with autoimmune disorders in the cohort study

groups, where ORs were 2.0 (95% CI 1.7–2.4, p = 7.0e�15, Fig-

ure 2A) and 1.6 (95%CI 1.4–1.9, p= 1.6e�13, Figure 2A) at UCSF

and Stanford, respectively. This consistent elevated risk across

study designs and EHR systems suggests a consistent connec-

tion between autoimmunity and AD risk.

Since ORs and risk ratios can differ substantially in cohort

studies,21 we additionally computed risk ratios in both the

UCSF and Stanford cohort study groups. As expected, given

the low prevalence of AD in each cohort, we observed similar sig-

nificant effect sizes in the UCSF and Stanford cohort study

groups (risk ratiosR 1.7, Table S2), indicating that AD risk asso-

ciated with autoimmunity is not an artifact of the OR.

We next divided the discovery and validation data into fe-

male- and male-only subsets to determine if the AD risk associ-

ation remainedwithin sex-specific groups and learn if the overall

risk association was primarily driven by women. In the female-

only subsets of the case-control study designs, we observed

significantly greater odds of an AD diagnosis in women with

autoimmune disorders compared to control women at both

UCSF (OR = 1.8, 95% CI 1.4–2.2, p = 4.1e�8, Figure 2B) and

Stanford (OR = 1.3, 95% CI 1.1–1.5, p = 3.0e�3, Figure 2B).

Similarly, among women in the cohort study groups, we

observed significantly greater AD risk in women with autoim-

mune disorders at UCSF (OR = 1.8, 95% CI 1.5–2.2, p =

4.9e�9, Figure 2B) and at Stanford (OR = 1.4, 95% CI 1.2–1.7,

p = 1.2e�5, Figure 2B). There were also strong associations be-

tween autoimmunity and AD in the male-only cohorts, where all

ORs were significant across case-control and cohort study de-

signs (OR R 1.5, Figure 2B), indicating higher risk in men with

autoimmune disorders compared to control men across both

EHR systems. The increased AD risk association observed in

both men and women with autoimmune disorders suggests

that the relationship between AD and autoimmunity is not pre-

sent solely in one sex.



Figure 1. Risk analysis workflow and observational study designs

We calculated AD risk in patients with autoimmune disorders using a top-down hierarchical approach in two large electronic health record (EHR) datasets. We

assessed if any autoimmune disorder diagnosis, a particular autoimmune subtype diagnosis, or a specific autoimmune disorder diagnosis associated with

increased AD risk. We used both case-control and cohort study designs to ensure robustness and reduce biases. For the case-control study design, we first

identified patients with the outcome of interest (an AD diagnosis, red) and then determinedwhich of the patients with AD also had an autoimmune diagnosis (blue).

We matched the patients with AD to non-AD controls using propensity score matching on demographic, healthcare utilization, and comorbidity variables for

cases and controls. For the cohort study design, we identified patients with the exposure first (an autoimmunity diagnosis, blue) and determined which of the

exposed patients also had an AD diagnosis (red). Propensity score matching was used to match autoimmune cases to non-autoimmune controls. We used these

study designs to analyze data from both the UCSF (discovery) and Stanford (validation) EHR databases. Dx, diagnosis.
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AD prevalence is increased in the presence of
autoimmune disorders, but women remain the most
affected
While autoimmunity associateswithAD riskwithinboth sexes,we

next tested whether the risk association was stronger in one sex

than the other. Furthermore, we wanted to determine if the pres-

ence of autoimmunity diminished the well-documented AD sex

disparity wherein women develop AD more often than men. To

address these questions, we conducted an AD prevalence anal-

ysis within the cohort study groups of our discovery and valida-

tion datasets. Due to the smaller number of men compared to

women in our data, we conducted 1:1 matching of women to

men based on demographic variables (STAR Methods) and

computed AD prevalence across sex and autoimmunity stratifi-

cations. In our discovery dataset (n = 23,284), women with auto-

immune disorders had the highest AD prevalence at 3.0%, fol-

lowed by men with autoimmune disorders at 1.9%, control

women at 1.7%, and finally control men at 0.79% (Figure 2C).

While the absolute prevalence values were lower at Stanford,
likely due to younger patients being included in the cohort study

group because of censored age information (STAR Methods),

there was a similar pattern in the validation dataset (n =

182,972). Women with autoimmune disorders had the highest

AD prevalence at 0.47%, followed by men with autoimmune dis-

orders at 0.43%, control women at 0.31%, and control men at

0.19%. As expected, the prevalence was significantly higher in

control women compared to control men (UCSF corrected p =

6.2e�5; Stanford corrected p = 1.1e�3), corroborating well-

documented sex disparities in AD (Figure 2C). We also found

that women with autoimmune disorders exhibited a higher AD

prevalence thanmenwith autoimmunedisorders in theUCSFda-

taset (corrected p = 9.9e�4). The AD prevalence difference be-

tweenautoimmunity patients of different sexeswas roughly equal

in magnitude to the difference between control patients of

different sexes (1.1% versus 0.91%), suggesting that sex dispar-

ities in AD remain present, even when autoimmunity associates

with greater risk in both men and women. The intersex compari-

son in autoimmune patients in the Stanford dataset was not
Cell Reports Medicine 6, 101980, March 18, 2025 3



Table 1. UCSF and Stanford study group demographics

UCSF Stanford

Case-control study design Case-control study design

Non-AD controls Patients with AD p value SMD Non-AD controls Patients with AD p value SMD

n 3,906 3,906 – – n 6,646 6,646 – –

Sex (%) – – 1 <0.001 Sex (%) – – 1 <0.001

Female 2,416 (61.9) 2,416 (61.9) – – Female 4,143 (62.3) 4,143 (62.3) – –

Male 1,490 (38.1) 1,490 (38.1) – – Male 2,503 (37.7) 2,503 (37.7) – –

Unknown 0 (0.0) 0 (0.0) – – Unknown 0 (0.0) 0 (0.0) – –

Self-reported

race (%) – – 1 <0.001

Self-reported

race (%) – – 1 <0.001

Asian 531 (13.6) 531 (13.6) – – Asian 952 (14.3) 952 (14.3) – –

Black or African

American 232 (5.9) 232 (5.9) – –

Black or African

American 315 (4.7) 315 (4.7) – –

Native American

or Alaska Native

4 (0.1) 4 (0.1) – – Native American

or Alaska Native

9 (0.1) 9 (0.1) – –

Native Hawaiian or

other Pacific Islander

174 (4.5) 174 (4.5) – – Native Hawaiian or

Other Pacific Islander

39 (0.6) 39 (0.6) – –

White 2,634 (67.4) 2,634 (67.4) – – White 4,182 (62.9) 4,182 (62.9) – –

Other 331 (8.5) 331 (8.5) – – Other 813 (12.2) 813 (12.2) – –

Unknown/decline

to state 0 (0.0) 0 (0.0) – –

Unknown/decline

to state 336 (5.1) 336 (5.1) – –

Self-reported

ethnicity (%) – – 1 <0.001

Self-reported

ethnicity (%) – – 1 <0.001

Not Hispanic

or Latino 3,672 (94.0) 3,672 (94.0) – –

Not Hispanic

or Latino 5,732 (86.2) 5,732 (86.2) – –

Hispanic or Latino 234 (6.0) 234 (6.0) – – Hispanic or Latino 503 (7.6) 503 (7.6) – –

Unknown/decline

to state 0 (0.0) 0 (0.0) – –

Unknown/decline

to state 411 (6.2) 411 (6.2) – –

Birth year (mean [SD]) 1,935.52 (5.93) 1,935.52 (5.92) 1 <0.001 Birth year (mean [SD]) 1,934.53 (10.11) 1,934.50 (10.07) 0.827 0.004

Lifespan, years

(mean [SD]) 80.05 (6.74) 80.07 (6.73) 0.945 0.002

Lifespan, years

(mean [SD]) NAa NAa – –

Autoimmune disorder

status = True (n) 235 (6.0) 377 (9.7) <0.001 0.136

Autoimmune disorder

status = True (n) 415 (6.2) 575 (8.7) <0.001 0.092

Cohort study design Cohort study design

Non-autoimmune

controls

Patients with

autoimmune disorder p value SMD

Non-autoimmune

controls

Patients with

autoimmune disorder p value SMD

n 13,815 13,815 – – n 130,258 130,258 – –

Sex (%) – – 1 <0.001 Sex (%) – – 1 <0.001

Female 7,994 (57.9) 7,994 (57.9) – – Female 84,515 (64.9) 84,515 (64.9) – –

Male 5,821 (42.1) 5,821 (42.1) – – Male 45,717 (35.1) 45,717 (35.1) – –

(Continued on next page)
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Table 1. Continued

Cohort study design Cohort study design

Non-autoimmune

controls

Patients with

autoimmune disorder p value SMD

Non-autoimmune

controls

Patients with

autoimmune disorder p value SMD

Unknown/decline

to state

0 (0.0) 0 (0.0) – – Unknown/decline

to state

26 (0.0) 26 (0.0) – –

Self-reported

race (%)

– – 1 <0.001 Self-reported

race (%)

– – 1 <0.001

Asian 1,241 (9.0) 1,241 (9.0) – – Asian 19,022 (14.6) 19,022 (14.6) – –

Black or African

American

1,195 (8.7) 1,195 (8.7) – – Black or African

American

5,036 (3.9) 5,036 (3.9) – –

Native American

or Alaska Native

85 (0.6) 85 (0.6) – – Native American

or Alaska Native

559 (0.4) 559 (0.4) – –

Native Hawaiian

or Other Pacific

Islander

541 (3.9) 541 (3.9) – – Native Hawaiian

or Other Pacific

Islander

1,087 (0.8) 1,087 (0.8) – –

White 8,916 (64.5) 8,916 (64.5) – – White 72,757 (55.9) 72,757 (55.9) – –

Other 1,837 (13.3) 1,837 (13.3) – – Other 22,111 (17.0) 22,111 (17.0) – –

Unknown/decline

to state

0 (0.0) 0 (0.0) – – Unknown/decline

to state

9,686 (7.4) 9,686 (7.4) – –

Self-reported

ethnicity (%)

1 <0.001 Self-reported

ethnicity (%)

1 <0.001

Not Hispanic

or Latino

12,339 (89.3) 12,339 (89.3) – – Not Hispanic

or Latino

101,442 (77.9) 101,442 (77.9) – –

Hispanic or Latino 1,476 (10.7) 1,476 (10.7) – – Hispanic or Latino 17,816 (13.7) 17,816 (13.7) – –

Unknown/decline

to state

0 (0.0) 0 (0.0) – – Unknown/decline

to state

11,000 (8.4) 11,000 (8.4) – –

Birth year (mean [SD]) 1,946.49 (13.43) 1,946.55 (13.51) 0.705 0.005 Birth year (mean [SD]) 1,968.38 (21.83) 1,968.38 (21.83) 0.724 0.001

Lifespan, years

(mean [SD])

69.25 (13.21) 69.10 (13.38) 0.327 0.012 Lifespan, years

(mean [SD])

NAa NAa – –

AD status = True (n) 195 (1.4) 379 (2.7) <0.001 0.093 AD status = True (n) 354 579 <0.001 0.029

SMD, standardized mean difference; SD, standard deviation. A chi-squared test (with continuity correction) was used to obtain the p value for comparisons of categorical variables, and a one-

way analysis of variance (ANOVA) test was used to obtain the p value for continuous variables.
aReports of ‘‘NA’’ for lifespan indicate censored death information in the Stanford study groups.
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Case-Control (n = 7,812)

Cohort (n = 27,630)

Figure 2. Autoimmune disorders are associated with increased AD risk across study designs and EHR datasets

(A) Odds ratios quantifying AD risk in autoimmune patients versus non-autoimmune controls. We observed increased odds of AD across both the UCSF (left) and

Stanford (right) datasets, and across case-control and cohort study groups within each dataset. Error bars throughout (A–C) represent 95% confidence intervals.

(B) AD risk in the female- and male-only subsets of each dataset. Increased AD risk was present in both sexes in each dataset.

(C) AD prevalence calculated in the cohort study designs in different sex and disorder strata. AD prevalence was higher in women with autoimmune disorders

compared to many other strata groups in both the UCSF (left) and Stanford (right) data. Confidence intervals were obtained by bootstrapping.
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significant (p = 0.4), but women with autoimmune disorders did

exhibit a slightly higher AD prevalence than the corresponding

men, supporting the trend that women continue to bear more

risk for ADevenwhena significant immuneperturbation like auto-

immunity is at play.

Specific autoimmune disorder subtypes are associated
with greater AD risk
Next, to determine if specific classes of autoimmune disorders

are more strongly associated with AD risk, we divided the 26

autoimmune disorders into subtypes based on the organ sys-
6 Cell Reports Medicine 6, 101980, March 18, 2025
tem each one primarily affects. This resulted in eight disease

subtype categories: musculoskeletal, gastrointestinal, derma-

tologic, systemic, vascular, hematologic, neurologic, and endo-

crine (Figure 3A). We computed the AD ORs for individuals with

these disease subtypes in each of the case-control and cohort

study designs across UCSF and Stanford datasets. In the

overall case-control and cohort study designs of the UCSF da-

taset, autoimmune disorders in the gastrointestinal, hematolog-

ic, endocrine, musculoskeletal, and dermatologic categories

were significantly associated with an increased risk for AD, all

with ORs R 1.9 (Figure 3B). Systemic, vascular, and neurologic
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(legend on next page)
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disease subtypes did not significantly associate with increased

AD risk (Figures 3B and S3), potentially because we were

underpowered to detect risk associations for these subtypes

(Table S3). They also potentially suggest that AD may interact

with other neurological conditions or broadly acting conditions

in the body like systemic and vascular autoimmune disorders

to modulate risk.

Several of the autoimmune disorder groups that were signifi-

cantly associated with AD risk in the UCSF dataset were vali-

dated in the Stanford dataset in one or both study designs.

Gastrointestinal (case-control and cohort), endocrine (cohort),

musculoskeletal (case-control and cohort), and dermatologic

(case-control and cohort) disorders all associated with signifi-

cantly more AD risk in autoimmune patients compared to non-

autoimmune controls in the Stanford EHR system, with ORs R

1.5 (Figure 3B).

Next, we investigated if specific autoimmune disorders were

driving the subtype and overall risk associations we saw. Disor-

ders that were significantly associated with increased AD risk in

at least two study groups and across more than one EHR

system included inflammatory bowel disease (gastrointestinal

category), autoimmune thyroiditis (endocrine category), type 1

diabetes (endocrine category), and rheumatoid arthritis (muscu-

loskeletal category). ORs for each of these disorders wereR1.4

(Figures 3B and S3). These results on individual disorders point

to specific mechanisms that may contribute to the interplay of

risk between autoimmunity and AD.

Autoimmunity remains significantly associated with
increased AD risk when accounting for comorbidities,
with slightly smaller effect sizes
We next evaluated whether differences in chronic comorbidities

between groups influenced the association of autoimmune dis-

orders with AD risk by matching individuals on the Charlson-

Deyo Comorbidity Index.22,23 The comorbidities considered

included type 2 diabetes, various cancers, chronic pulmonary

disease, and cardiac conditions; we did not include dementia

and rheumatic diseases in the index calculation, given the focus

on these as exposures or outcomes of our study (STAR

Methods). After controlling for these comorbidities using propen-

sity score matching among groups, the associations between

autoimmune disorders and AD were still significant. At UCSF,

in the case-control study group, we observed an OR of 1.4

(95% CI 1.2–1.7, adjusted p = 3.7e�5, Figure S11 and

Table S4), and in the cohort study group, we observed an OR

of 1.3 (95% CI 1.1–1.5, adjusted p = 1.8e�3, Figure S11 and

Table S4). At Stanford, we observed an OR of 1.2 (95% CI 1.1–

1.4, adjusted p = 5.1e�3, Table S4) in the case-control study

group and 1.3 (95% CI 1.1–1.5, adjusted p = 1.3e�4, Table S4)

in the cohort study group. Given the consistency of risk associ-
Figure 3. Specific autoimmune disorder subtypes and diseases assoc

(A) Autoimmune disorders can be grouped into subtypes based on physiologica

(B) Odds ratios quantifying AD risk in patients with different autoimmune disorder

subtypes are in bold, and the specific disorders that fall into each subtype catego

significant associations are shown. The larger and darker the circle is, the greater

outlined in black represent agreement of risk signal across study groups at more

case-control; C, cohort.
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ations across study groups and EHR sites, these results suggest

that underlying chronic comorbidities are not driving the AD risk

associations we observed.

While not every disorder subtype or individual disorder (e.g.,

type 1 diabetes and rheumatoid arthritis) remained significant

across every comorbidity-adjusted analysis, many subtypes

and individual disorders that were associated with increased

AD risk were recapitulated in different study groups. The sub-

types that remained most consistently associated with greater

AD risk,particularly in theUCSFstudygroups,were theendocrine

and dermatologic disorder subtypes (Table S4). Gastrointestinal

andmusculoskeletal subtypes were also significantly associated

with increasedAD risk in three out of the four study groups across

EHR sites after comorbidity adjustment (Table S4). In terms of

recapitulation of individual disorder risk signals, autoimmune

thyroiditis remained significantly associated with increased AD

risk particularly in the UCSF study groups after comorbidity

adjustment (Table S4), while inflammatory bowel disease was

associated with increased risk across three of the four study

groups after adjustment (Table S4).

AD risk from disease subtypes exhibits variable sex-
specific effects
Next, we stratified the disease subtype and individual disease

analyses by sex to determine if any particular risk association

was driven more by one sex compared to the other. Some of

these stratified analyses had low statistical power (Table S3),

but many disease subtypes exhibited sex-specific risk signals.

For example, the endocrine category of disorders was predom-

inantly significant among women, exhibiting a significant AD

risk effect in the female-specific UCSF study groups and fe-

male-specific Stanford cohort study group, where all ORs

were R1.8 (Figure S2). In the dermatologic category, male-spe-

cific AD risk was higher than that of the female-specific compar-

ison in most study groups. For example, in the UCSF cohort

study group, men with dermatologic autoimmune disorders ex-

hibited an OR of 1.5 (95% CI 1.4–9.3, corrected p = 0.04, Fig-

ure S2), while women exhibited an OR of 2.0 that was no longer

statistically significant after multiple testing correction (95% CI

1.1–3.8, uncorrected p = 0.02, Figure S2). Similarly, in both Stan-

ford study groups, men with dermatologic autoimmune disor-

ders were at greater risk than matched controls (case-control

OR = 7.8, 95% CI 3.4–18.5, corrected p = 4.3e�7; cohort

OR = 2.6, 95% CI 1.5–4.7, corrected p = 1.9e�3, Figure S2)

compared to women (case-control OR = 1.6, 95% CI 0.9–3.0,

corrected p = 0.94; cohort OR = 1.2, 95% CI 0.8–1.8, corrected

p = 3.5, Figure S2). Interestingly, in the case-control study

group at UCSF, we also observed increased female-specific

AD risk for individuals with dermatologic autoimmune disorders

(OR = 6.4, 95% CI 2.4–18.3, corrected p = 4.4e�4, Figure S2),
iate with increased AD risk

l symptomatology. We used eight subtypes in our analysis.

subtypes and specific autoimmune disorders compared to controls. Disorder

ry are listed below. Only individual autoimmune disorders that had statistically

the effect size and significance of the odds ratio, respectively. Circles that are

than one EHR site. N.S., not significant after multiple testing correction; CC,
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perhaps indicating variable sex-specific effects for this category

of diseases.

Clear sex-specific differences in the risk associated with indi-

vidual autoimmune disorders were harder to identify given a lack

of statistical power due to small sample sizes after stratifying by

both sex and disorder (Table S3). Nonetheless, significant fe-

male-specific AD risk associations with autoimmune thyroiditis

were present in the cohort study groups of both EHR datasets

(ORs R 2.4, Figure S4), potentially driving the female-specific

risk in the endocrine category of diseases. Several other dis-

eases associated with increased AD risk significantly across

some study groups, but not across others (Figure S4), or ex-

hibited different directions of sex-specific effects across the

study groups (Figure S4). This highlights the need for better-

powered studies of sex differences in the interaction between

autoimmunity and AD in the future.

Sensitivity analyses support risk associations between
autoimmune disorders and AD
We performed additional sensitivity analyses to address the po-

tential presence of confounders and further test the robustness

of the AD risk associations we identified.24 The sensitivity ana-

lyses were performed primarily in the discovery dataset, as we

wanted to verify the risk associations in the smaller UCSF study

groups before performing validations in the Stanford study

groups. Our first sensitivity analysis was to apply an age cutoff

in our study designs to quantify AD risk due to autoimmunity in

two older sub-populations of individuals. The first cutoff only

included individuals in the study groups that had reached an

age of 65 years or older. When comparing autoimmune patients

to non-autoimmune controls in this >65 dataset, we observed an

AD OR of 1.6 (95% CI 1.4–2.0, p = 9.7e�9) in the case-control

study group and 2.0 (95% CI 1.6–2.4, p = 1.7e�14) in the cohort

study group (Table S4). Raising the cutoff to 80 years of age or

older also resulted in a consistent AD risk association with auto-

immune disorders (case-control OR = 1.7, 95% CI 1.4–2.2, p =

1.7e�6; cohort OR = 2.4, 95% CI 1.8–3.1, p = 1.8e�12,

Table S4), indicating that our signal was robust to the age range

of patients in our discovery dataset.

To focus our risk analysis on only late-onset AD cases, we

removed matched pairs of individuals from our study groups in

which one individual within the pair had an AD diagnosis prior

to 65 years of age. Even after the removal of these individuals,

we observed elevated AD risk in autoimmune patients compared

to unexposed controls. The OR was 1.7 (95% CI 1.4–2.0, p =

3.9e�9) in the case-control study group and 2.0 (95% CI 1.7–

2.4, p = 1.9e�14) in the cohort study group (Table S4), high-

lighting the elevated late-onset AD occurrence in those with

autoimmunity.

Next, we matched individuals based on their total number of

comorbidities (STAR Methods), and we continued to observe

significant AD risk associations in autoimmune patients

compared to non-exposed controls across study groups. We

detected anOR of 1.3 (95%CI 1.1–1.5, adjusted p = 2.1e�2, Fig-

ure S11 and Table S4) in the case-control study group and 1.3

(95% CI 1.1–1.5, p = 1.3e�3, Figure S11 and Table S4) in the

cohort study group, indicating that the increased AD risk associ-

ation was robust to cumulative comorbidity burden.
We next performed a sensitivity analysis to address possible

confounder and collider effects that healthcare utilization can

cause in EHR systems, as these effects can exaggerate or

attenuate differences between exposure and outcome groups.

Healthcare utilization has also been associated with measures

of different social determinants of health.25 In addition to

matching on demographic variables (STAR Methods), we

matched individuals based on the similarity of the length of

time between their first and last hospital visit date (Figures S9

and S10). After conducting this matching and recomputing

ORs in each study group, autoimmune disorders were still

significantly associated with an increased risk for AD (case-

control OR = 1.3, 95% CI 1.1–1.5, p = 6.0e�3; cohort OR =

1.4, 95% CI 1.2–1.7, p = 5.2e�6, Table S4). Matching on

each patient’s frequency of visits per year also resulted in

consistent increased risk associations between autoimmune

disorders and AD (case-control OR = 1.3, 95% CI 1.1–1.6,

p = 3.7e�4; cohort OR = 1.5, 95% CI 1.3–1.7, p = 2.0e�6,

Table S4), highlighting the connection between autoimmunity

and AD at the clinical level even when adjusting for different

healthcare utilization measures.

In the next sensitivity analysis, we recomputed ORs in each

study group without including age at death as a variable in

matching to determine the influence of lifespan on risk, as differ-

ences in lifespan can lead to selection bias (study group match-

ing and quality control in STAR Methods). This resulted in an AD

OR of 1.3 (95% CI 1.1–1.5, p = 7.1e�4, Table S4) in the case-

control study group and 2.1 (95% CI 1.8–2.5, p = 4.7e�17,

Table S4) in the cohort study group, indicating that the risk asso-

ciation was robust to leaving total lifespan information out of the

matching criteria.

Finally, reverse causality can occur when the outcome pre-

cedes the exposure but is not recorded properly in the EHR.

Reverse causality has presented a challenge in some previous

EHR studies of dementia.26 To evaluate the potential for reverse

causality in our study, we removed individuals from the study

groups who were diagnosed with AD within one year of being

diagnosed with an autoimmune disorder in addition to removing

these individuals’ matched pairs. This was to account for poten-

tial inaccuracies in diagnosis timing and the assessment of

onset. Under the 1-year filtering criterion, the OR in the case-

control study group was 1.3 (95% CI 1.1–1.6, p = 4.9e�3,

Table S4), and the OR in the cohort study group was 1.5 (95%

CI 1.3–1.9, p = 3.3e�6, Table S4), suggesting significantly

elevated AD risk after an autoimmune diagnosis in patients.

We also evaluated results under a more extreme filter, where

we removed all AD cases within 3 years of an autoimmune diag-

nosis, in addition to these individuals’ matched controls. Again,

we observed ORs greater than one. The OR in the cohort study

group was 1.3 (95% CI 1.1–1.6, p = 7.4e�3, Table S4), and the

OR in the case-control study group was 1.1 (95% CI 0.9–1.3,

p = 0.4, Table S4). This stricter 3-year filtering criterion signifi-

cantly reduced our power to detect an association in the case-

control study group (power = 0.13; Table S4), and the 3-year

time interval likely resulted in the removal of more individuals

who developed AD well after an autoimmunity diagnosis. These

results highlight that reverse causality is likely not the driver of the

associations.
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Figure 4. AD onset is earlier in females, with potential acceleration from autoimmune disorders

(A) Study design for the longitudinal AD onset analysis, conducted using data from the UCSF and Stanford EHR datasets. M, male; F, female.

(B) Distributions of AD diagnosis age among individuals with and without autoimmune diseases in the longitudinal cohorts, stratified by sex. The dot indicates the

mean, and the black lines indicate the standard deviation. The mean age at diagnosis is reported under each group. Within the autoimmune and control sub-

groups, females were diagnosed with AD at a younger age than males. The age of AD onset for each group of individuals with autoimmune diseases was earlier

than the controls, but the statistical significance of these differences was only moderate due to the small sample size.
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Several disease subtypes and individual disease associations

seen in the main UCSF analysis were replicated in many of these

sensitivity conditions, including the increased AD risk due to

endocrine, gastrointestinal, and musculoskeletal disorders

driven by type 1 diabetes, autoimmune thyroiditis, inflammatory

bowel disease, and rheumatoid arthritis, and these are further

highlighted in Table S4.

Sex is associated with accelerated AD onset over time
In addition to examining the presence or absence of AD in pa-

tients with autoimmune disease through risk analyses, we also

tested whether autoimmune disorders were associated with

the timing of AD onset. We hypothesized that having an autoim-

mune disorder would be associated with a decrease in the age at

which people were diagnosed with AD, potentially due to the

early presence of chronic inflammation that autoimmune disor-

ders may cause. We constructed new longitudinal cohorts for
10 Cell Reports Medicine 6, 101980, March 18, 2025
this analysis consisting only of patients with AD with and without

autoimmune disorders (STAR Methods). This resulted in 292

autoimmune patients matched to 292 controls at UCSF (n =

584 total patients with AD, Figure 4A) and 392 autoimmune pa-

tients matched with 392 controls at Stanford (n = 784 total pa-

tients with AD, Figure 4A). We first compared the distributions

of AD diagnosis age among patients. In the UCSF longitudinal

cohort, the average age at which autoimmune patients were

diagnosed with AD was 75.6 years, compared to the controls

at 76.5 years (Figure S5A). In the Stanford longitudinal cohort,

the average AD diagnosis age was 81.8 years in autoimmune pa-

tients compared to 82.4 years in controls (Figure S5A). While the

AD diagnosis age was lower in autoimmune patients in each da-

taset, the statistical significance of the differences between age

distributions was only moderate (UCSF p = 0.11, Stanford p =

0.17, Figure S5A), likely because of small sample sizes

(Table S3). The 0.6- to 1-year difference in diagnosis age we
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observed is nonetheless striking, given the often rapid symptom-

atic decline27 of individuals with AD. Even being diagnosed with

AD half a year earlier could be extremely impactful for patients

and their quality of life, and we expect the difference in diagnosis

age would be statistically significant in larger longitudinal

cohorts.

We also observed differences in AD onset age when we strat-

ified individuals by both sex and autoimmune disorder. Starting

in the UCSF longitudinal cohort, women with autoimmune disor-

ders exhibited significantly younger AD onset ages (mean 75.0

years, Figure 4B) compared to men with autoimmune disorders

(mean 76.7 years, p = 0.017, Figure 4B). Similarly, control women

exhibited significantly younger AD onset ages (mean 76.0 years,

Figure 4B) compared to control men (mean 77.7 years, p = 0.011,

Figure 4B). Comparing autoimmune patients to matched con-

trols within each sex revealed younger onset ages for individuals

with autoimmune disease, but again these were not statistically

significant given the small sample size (female p = 0.19, male p =

0.28, Figure 4B). Results from the Stanford longitudinal cohort all

agreed directionally with the UCSF results (Figure 4B).

Finally, we performed a survival analysis to determine if the risk

of developing AD in different stratifications varied over time. We

used a Cox proportional hazard model for the analysis with sex

and autoimmunity presence as covariates. Having an autoim-

mune disorder resulted in hazard ratios (HRs) greater than 1.0

for individuals developing AD over time (UCSF HR = 1.1, 95%

CI 1.0–1.3, p = 0.16; Stanford HR = 1.0, 95% CI 0.9–1.2, p =

0.5, Figure S5B), but again, likely due to low statistical power,

these differences did not reach statistical significance. However,

given the consistent directional association between autoim-

mune disorders and AD risk, better-powered analyses of this

relationship are warranted. Power statistics for all analyses in

the current study are reported in Table S3, highlighting places

where better-powered studies in other clinical databases are

needed.

DISCUSSION

We have shown that autoimmune disorders are associated with

an increased risk of being diagnosedwith AD in case-control and

cohort study designs across two different EHR systems, sug-

gesting that autoimmunity is a risk factor for AD. We observed

a consistently increased risk signal in our study groups, both

overall and in female- and male-specific subsets, suggesting

that autoimmunity is associated with increased AD risk regard-

less of sex. Interestingly, in our AD prevalence analysis, females

with autoimmune disorders exhibited increased AD prevalence

compared to males with autoimmune disorders, suggesting

that both autoimmunity and sex are connected to AD risk.

When adjusting for multiple sensitivity conditions including co-

morbidities, reverse causality, and healthcare utilization dispar-

ities, the overall association of autoimmune disorders with

increased AD risk was robust across study groups. There were

some differences in effect sizes in the different sensitivity ana-

lyses; however, even the lowest significant effect size we

observed suggests a clinically meaningful increase in AD risk

for those affected by autoimmune conditions. Additionally, given

the nature of unpredictable data capture in EHRs, adjusting for
certain conditions can result in under-estimations of risk. We

therefore find it encouraging that we observed increased AD

risk in individuals with autoimmune conditions regardless of

whether we adjusted for an array of sensitivity conditions or

left our estimates unadjusted. In aggregate, these results provide

strong evidence for the association of autoimmune disorders

with increased AD risk. Furthermore, we found preliminary evi-

dence that sex and autoimmunity not only influence the risk of

AD but also the timing of AD onset. Larger longitudinal studies

are needed to provide insight into these temporal dynamics.

We observed specific subtypes of autoimmune disorders that

are associated with AD in patients. While it is impossible to infer

causality from an associative study, these classes of disorders

suggest the potential presence of shared pathophysiology be-

tween autoimmunity subtypes and AD. For example, metabolic

dysfunction has been highlighted in previous AD pathogenesis

studies,28 so it is possible that metabolic pathways exist that

link endocrine autoimmune disorders, which can strongly affect

metabolism, and AD pathogenesis. Similarly, there have been

documented links between changes in the gut-brain axis29 and

microbiome30 that are associated with AD in previous work,

which could relate AD pathogenesis to biological pathways

involved in gastrointestinal autoimmune disorders. Depending

on the autoimmune disorder subtype and individual autoimmune

disorders we analyzed, we also observed some sex-specific risk

associations, highlighting that autoimmune disorders that affect

certain physiological systemsmaymanifest differently in females

compared to males. Further studying these relationships may

provide insight into the mechanisms that cause or exacerbate

AD in a sex-specific manner.

Our findings validate and provide new insights on previous

work. Recently, Miller et al.31 found increased prevalence of in-

flammatory bowel disease in a small cohort of late-onset AD

cases; our results support this pattern in a much larger clinical

dataset. Furthermore, a study of the Swedish National Patient

Register32 highlighted increased incidence rates of several auto-

immune disorders including hypothyroidism/thyroiditis, type 1

diabetes, Addison’s disease, Sjӧgren’s syndrome, and perni-

cious anemia in patients with dementia. We were able to corrob-

orate several of these signals with our analysis; we also found

type 1 diabetes and a form of thyroiditis as significantly associ-

ated with risk. We further built upon these findings by analyzing

disease subtypes to identify physiological systems that may be

involved in AD pathogenesis, and we conducted extensive age

of onset and sex-specific analyses to characterize AD risk in in-

dividuals with autoimmune disorders. Finally, a recent study33

indicated increased AD hazard linked to four major autoimmune

disorders (rheumatoid arthritis, multiple sclerosis, psoriasis, and

inflammatory bowel disease) in a longitudinal UK Biobank

cohort. Our results expand on this study by investigating addi-

tional autoimmune disorders and sex as a biological variable.

Compared to the individuals in the UK Biobank and Swedish

studies, our cohort of patients is also more diverse, suggesting

generalizability of the increased risk association between auto-

immune disorders and AD across diverse humans.

Other recent studies have evaluated the relationship between

immune system activity and forms of dementia. A large nation-

wide Danish cohort study found a significant risk association
Cell Reports Medicine 6, 101980, March 18, 2025 11
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between autoimmune disorders and AD, although with a small

effect size after infections were accounted for in patients.34 In-

fections and autoimmune disorders are widely thought to be

linked, most notably in conditions like Epstein-Barr virus and

multiple sclerosis.35 This makes it difficult to fully disentangle

their interactions and how they relate to risk of various forms

of dementia, even in targeted studies. It is possible that infec-

tions and autoimmunity both contribute to dementia risk sepa-

rately as they push the immune system to the extremes—infec-

tions weaken the immune system, while autoimmune disorders

cause immune system hyperactivity. This ‘‘Goldilocks’’ hypoth-

esis—where an imbalance of the immune system in one direc-

tion or the other may prime the body to develop AD or other

dementias—has been supported by mechanistic studies high-

lighting that both under- and overexpression of certain inflam-

matory markers may contribute to AD pathology.36,37

Previous studies, like those in the Danish cohort34 and

others,38 that have reported associations between autoimmune

disorders and AD with small effect sizes have also typically not

incorporated relevant variables into sensitivity analyses. For

example, healthcare utilization can act as a colliding variable.

We have shown that our results are robust when accounting

for multiple measures of healthcare utilization such as the length

of EHR record and doctor visit frequency. These prior studies

were also conducted in predominantly Western European co-

horts, whereas we have shown in more diverse case-control

and cohort study groups that there is a strong association be-

tween autoimmune conditions and AD. Given differences in im-

mune system genetic variation and immune system activity,

the risk of AD associated with autoimmunity could vary between

individuals with different genetic ancestries, but this warrants

more research.

Prior work26 has also pointed out the potential for reverse cau-

sality in relationships between autoimmunity and AD. To eval-

uate this, we ran a sensitivity analysis to test the potential contri-

bution of reverse causality to risk associations in our study. We

continued to observe a strong association even after removing

patients who were diagnosed with an autoimmune condition

and AD within a close time interval. Effect sizes were slightly

decreased in our reverse causality analysis likely due to the

removal of patients who were indeed diagnosed with AD sepa-

rately from and well after an autoimmunity diagnosis, but ORs

did not fall below 1.3 when we were powered to detect an asso-

ciation. These increased risk associations were prominent

across multiple study groups and filtering criteria, leading us to

conclude that there is a risk association specific to autoimmune

disorders and AD later in the lifespan. It is also possible that risk

for AD after an autoimmune disorder diagnosis varies across

time, and it could potentially decrease after the initial elevation

due to AD resilience or other factors.39 This likely varies across

conditions and also warrants further study.

By using two different study designs (case-control and cohort)

in both a discovery and independent validation dataset, we were

able to combat common problems of selection bias,40 data inac-

curacies,41 and confounding that can be present in EHR studies,

and this further supports the robustness of the associations we

discovered. We also found significant risk ratios in our cohort

study groups in addition to ORs. Our workflow, which we make
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publicly available, can be further applied not only to autoimmune

disorders and their risk associations with other neurological dis-

eases but also to any two disease types of interest that can be

captured in an EHR data system.

Limitations of the study
The current study has several limitations that should be consid-

ered when evaluating our results. First, the groupings used for

the disease subtype analysis are imperfect. Since the exact un-

derlying mechanism of many of the autoimmune disorders we

investigated remains unknown, grouping by physiological sys-

tem enabled us to study these diseases in aggregate, but it re-

flects only one dimension along which each autoimmune disor-

der is related to the others. Other dimensions of interest could

include peripherally versus centrally acting conditions or condi-

tions that are known to affect the same immune cell type.

Another caveat is the presence of censored death information

in the validation dataset. This may have resulted in the incorpo-

ration of younger patients in the Stanford study groups who had

yet to develop either AD or a later-onset autoimmune disorder,

and as such, this may have deflated the ORs in the Stanford

study groups. It is possible that this led to less agreement in

risk associations between UCSF and Stanford particularly for

the subtype and individual disorder analyses. Furthermore, while

we matched individuals based on lifespan and/or birth year

within each of our study groups, future work could include

age-matching between discovery and validation datasets to

enable even more direct comparisons.

Our analysis also did not include stratifications based on treat-

ments. We anticipate that these treatments could potentially

counteract elevated AD risk in individuals with autoimmune dis-

orders, and they require further study. Indeed, several classes of

drugs that can be used to treat autoimmune disorders such as

corticosteroids42 and tumor necrosis factor inhibitors43,44 are

suggested to decrease dementia risk and severity. We also

note that using billing codes for the identification of diagnoses

can be prone to misclassification errors. We have mitigated

this by using multiple study designs and two different EHR data-

bases for validation. We also carried out a chart review for AD di-

agnoses and report strong PPV and other performance statistics

that support sufficient accuracy of the phenotyping for our ana-

lyses. The large number of autoimmune conditions considered

made a chart review for autoimmune disorders out of scope

for the current work. Given the strong performance of the AD al-

gorithm and previous work phenotyping autoimmune diseases

from EHRs,45,46 we were confident that, while there may be

some misclassification, our phenotyping algorithm was suffi-

ciently accurate for our study. We also note that we were limited

to the information captured within the EHR and that any condi-

tions not captured there were not included in the analysis.

Finally, we note that the stratified analyses we conductedwere

less likely to yield consistent significant results across sites and

study designs. Much of this was the result of reduced power due

to the small sample sizes in the stratified cohorts. As expected,

this also occasionally yielded very high ORs and large CIs. None-

theless, the results were consistent in their direction, and many

of these analyses highlight promising specific hypotheses for

further validation and molecular characterization.
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In summary, autoimmune disorders have a consistent associ-

ation with AD in both men and women in two large real-world

EHR datasets. This study illustrates the usefulness of EHRs

for cross-trait analyses, and it also informs further mechanistic

hypotheses about the molecular processes that may go awry

in the interaction of the immune and nervous systems to pro-

mote AD pathogenesis. Further risk factor analyses for debili-

tating neurological conditions such as AD will empower clini-

cians to inform patients of their risk profiles, and, ultimately,

deeper understanding of these connections between risk and

disease can also empower patients themselves tomake lifestyle

changes or take relevant treatments that can help avoid or delay

disease.

Our results highlight several future directions for further under-

standing of the risk relationship between autoimmune disorders

and AD. First, quantifying how AD risk varies based on differing

levels of autoimmune disorder severity and duration is needed.

We hypothesize that more severe forms of autoimmune disor-

ders may confer the most AD risk, and perhaps treatments to

alleviate more severe disorders may decrease risk. Additionally,

considering the chronic nature and onset age of many autoim-

mune disorders may shed more light on the temporal dynamics

of the two traits interacting throughout the lifespan. Finally, inte-

grating clinical risk analyses with other data modalities, such as

genetics and proteomics, will provide more molecular insight

into the link between AD and autoimmune disorders and help

to fully elucidate the basis for the consistent risk seen at the

phenotypic level in human populations.
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The de-identified patient data reported on in this study cannot be deposited in

a public repository because of patient data sharing privacy and ethical limita-

tions. Please contact the UCSF Clinical Data resources team and the Stanford

STARR-OMOP team for more information about access. All analysis of Univer-

sity of California, San Francisco and Stanford University EHR data was per-

formed under the approval of the Institutional Review Boards from University

of California, San Francisco and Stanford University, respectively. All clinical

data were de-identified, and written informed consent was waived by the insti-

tutions. Medical billing concept codes used to identify patients in external EHR

databases can be found in Tables S6 and S7. All patient and demographic data

curation from the UCSF and Stanford EHR systems was performed using Mi-

crosoft SQL server and the DBI (v1.1.3) and odbc (v1.3.4) packages in R. Dis-

covery data were last curated from the UCSF OMOP database on August 4th,

2023, and validation data were last curated from the StanfordOMOPdatabase

on December 12th, 2023. Data representing processed patient information

that can be visualized in the figures can be found in Table S8.

Data cleaning,matching, and analysis stepswere conducted usingR version

4.1.3, and plots were created with the ggplot2 package (v3.4.2). All code not

limited by patient data sharing permissions and proprietary clinical data struc-

tures can be found at https://github.com/gramey02/AD_AID_Project. Any

additional information required to reanalyze the data reported in this paper is

available from the lead contact upon request.
ACKNOWLEDGMENTS

We would like to thank members of J.A.C.’s, M.S.’s, and N.A.’s labs for their

feedback throughout thiswork.Weacknowledgeour fundingsources, including

NIAR01AG060393, NIAMSP30AR070155, F30 Fellowship 1F30AG079504-01,

and the UCSF Discovery Fellows. We would also like to acknowledge the

National Institute On Aging of the National Institutes of Health award number

1F31AG090013-01 and the use of the UCSF Information Commons and UCSF

Research Analysis Environment computational research platforms. Through

theseplatforms, theprojectwas supportedby theNationalCenter forAdvancing

Translational Sciences, National Institutes of Health, through UCSF-CTSI grant

number UL1 TR001872. Its contents are solely the responsibility of the authors

and do not necessarily represent the official views of the NIH.

AUTHOR CONTRIBUTIONS

A.T., Z.A.M., M.S., and G.D.R. conceptualized this research project. G.D.R.

investigated and curated all UCSF data and performed all UCSF statistical

and computational analysis. T.P. performed all Stanford validation steps,

including data curation and statistical/computational analysis. M.M.Y. pro-

vided valuable clinical input on EHR methodology and clinical billing codes.

G.D.R. and A.T. wrote the manuscript, and G.D.R. created visualizations.

J.A.C. and M.S. provided mentorship, review/editing of writing, and funding

for the work. I.A., N.A., T.J.M., T.T.O., and S.R.W. provided expertise and

manuscript feedback.

DECLARATION OF INTERESTS

The authors declare no competing interests.

STAR+METHODS

Detailed methods are provided in the online version of this paper and include

the following:

d KEY RESOURCES TABLE

d EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
B Data collection

B Sex as a biological variable

d METHOD DETAILS

B Data cleaning and quality control

B Study group matching and quality control

B Chart review

B Risk analysis

B Prevalence analysis

B Sensitivity analyses

B Longitudinal AD onset analysis

d QUANTIFICATION AND STATISTICAL ANALYSIS
SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.

xcrm.2025.101980.

Received: May 16, 2024

Revised: September 5, 2024

Accepted: January 28, 2025

Published: February 24, 2025

REFERENCES

1. (2024). Alzheimer’s disease facts and figures. Alzheimers Dement J. Alz-

heimers Assoc. 20, 3708–3821. https://doi.org/10.1002/alz.13809.

2. (2023). Alzheimer’s disease facts and figures. Alzheimers Dement J. Alz-

heimers Assoc. 19, 1598–1695. https://doi.org/10.1002/alz.13016.
Cell Reports Medicine 6, 101980, March 18, 2025 13

mailto:Marina.Sirota@ucsf.edu
mailto:Marina.Sirota@ucsf.edu
https://data.ucsf.edu/research/ucsf-data
https://starr.stanford.edu/research-support
https://github.com/gramey02/AD_AID_Project
https://doi.org/10.1016/j.xcrm.2025.101980
https://doi.org/10.1016/j.xcrm.2025.101980
https://doi.org/10.1002/alz.13809
https://doi.org/10.1002/alz.13016


Article
ll

OPEN ACCESS
3. Jack, C.R., Bennett, D.A., Blennow, K., Carrillo, M.C., Dunn, B., Haeber-

lein, S.B., Holtzman, D.M., Jagust, W., Jessen, F., Karlawish, J., et al.

(2018). NIA-AAResearch Framework: Toward a biological definition of Alz-

heimer’s disease. Alzheimers Dement. 14, 535–562. https://doi.org/10.

1016/j.jalz.2018.02.018.

4. Revised Criteria for Diagnosis and Staging of Alzheimer’s | AAIC Revis.

Criteria Diagn. Staging Alzheimers AAIC. https://aaic.alz.org/diagnostic-

criteria.asp.

5. Van Dyck, C.H., Swanson, C.J., Aisen, P., Bateman, R.J., Chen, C., Gee,

M., Kanekiyo, M., Li, D., Reyderman, L., Cohen, S., et al. (2023). Lecane-

mab in Early Alzheimer’s Disease. N. Engl. J. Med. 388, 9–21. https://doi.

org/10.1056/NEJMoa2212948.

6. Huang, L.-K., Kuan, Y.-C., Lin, H.-W., and Hu, C.-J. (2023). Clinical trials of

new drugs for Alzheimer disease: a 2020–2023 update. J. Biomed. Sci. 30,

83. https://doi.org/10.1186/s12929-023-00976-6.

7. Newcombe, E.A., Camats-Perna, J., Silva, M.L., Valmas, N., Huat, T.J.,

and Medeiros, R. (2018). Inflammation: the link between comorbidities,

genetics, and Alzheimer’s disease. J. Neuroinflammation 15, 276.

https://doi.org/10.1186/s12974-018-1313-3.

8. Princiotta Cariddi, L., Mauri, M., Cosentino, M., Versino, M., andMarino, F.

(2022). Alzheimer’s Disease: From Immune Homeostasis to Neuroinflam-

matory Condition. Int. J. Mol. Sci. 23, 13008. https://doi.org/10.3390/ijms

232113008.

9. Laurent, C., Dorothée, G., Hunot, S., Martin, E., Monnet, Y., Duchamp, M.,
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Data collection
We identified 26 autoimmune disorders of interest (Table S1) for our study based on prior literature31 and prevalence in the general

population. Individuals with each autoimmune disorder were identified by multi-step procedure based on standardized billing con-

cepts confirmed by clinician review. In the first step, string-matching was used to link autoimmune disorder names (Table S5) with

billing concepts. This approach has been used in other studies to begin relevant billing concept selection.47,48 The initial string search

aided in eliminating billing concepts that were too general or irrelevant for a particular condition of interest. Concepts were subse-

quently standardized for use in the UCSF EHR database49 which is based on the Observational Medical Outcomes Partnership

(OMOP) Common Data Model (CDM) and primarily uses standardized Systemized Nomenclature of Medicine (SNOMED) concept

encodings. All billing concepts were examined by UCSF rheumatologists to confirm validity and relevance of each concept to

each autoimmune disorder of interest. We compiled a final list of 878 autoimmune billing concepts that we make available to readers

for ease of reproducibility (Table S6). We identified patients who had these concepts present in their UCSF medical record to

construct our discovery dataset, and we used identical concepts to identify patients from the Stanford OMOP EHR database50

for our validation dataset. We identified patients with AD in a similar manner to autoimmune disorder patients after string-matching

AD terms to concepts (Table S7) and checking for billing concept occurrence in each patient record in the UCSF and Stanford sys-

tems. We only included AD billing concepts related to late-onset or sporadic AD in our search, as early-onset AD is thought to have

distinct etiology and stronger genetic components.51 However, some individuals with early onset (<65 years) likely didmake it into our

study groups as a result of certain non-specific AD billing codes, so we ran a sensitivity analysis removing individuals <65 years old

(see results section and sensitivity analyses section in STARMethods for more details). Additional demographic data from the UCSF

and Stanford EHR systems was collected on patients including date of birth, date of death (if available), self-reported race, self-re-

ported ethnicity, and sex at birth. We also computed healthcare utilization statistics on patients, including number of doctor’s visits,

total number of unique diagnoses, and first and last medical visit date.

We identified healthy control individuals without autoimmune disorders to compare to the autoimmune patient groups from the

UCSF and Stanford databases. To do this, we searched for patientswithout any of the 878 final autoimmune disorder billing concepts

present in their records, and we additionally removed individuals from the healthy control group who had concepts that were similar

to any of the 878 final autoimmune concepts. For example, an individual who had the billing concept ‘‘family history of Celiac disease’’

in their EHR but did not have a more specific Celiac disease billing concept identifying a personal diagnosis of Celiac disease would

have been excluded. Similarly, several billing concepts that were too general to pertain specifically to an autoimmune disorder (e.g.,

kidney disease) but that represented a serious condition were excluded from the healthy controls. For our cohort study design, we

matched the healthy controls to autoimmune disorder patients based on criteria further described in the Study Group Matching and

Quality Control section of the Methods.

To identify a population of non-AD healthy controls to compare to our AD patient group, we searched for patients without any AD

billing concepts in their records and matched them with AD cases based on demographic factors. To clarify some terminology, the
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control individuals that were matched to autoimmune disorder cases will be referred to as the ‘‘non-autoimmune controls’’ going for-

ward, whereas the control individuals that were matched to AD cases will be referred to as the ‘‘non-AD controls’’. These are two

separate groups of controls, but they may have overlap in individuals as someone without both an autoimmune disorder and AD

might be in both control groups. Additionally, someone in one of the disease groups may be in a control group for the other disease.

For example, an AD patient might show up in the non-autoimmune control group, since the requirement to be in that group is not

having an autoimmune disorder.

Sex as a biological variable
Sex-at-birth is reported in both the UCSF and Stanford OMOP EHR systems. We refer to it as sex for brevity throughout the manu-

script. We accounted for sex as a biological variable by performing all analyses in female- and male-specific subsets of our original

study groups. This allowed us to test if any risk associations differed by sex, and if autoimmunity subtypes or individual disorders

were driving AD risk associations in a particular sex. We filtered out individuals with an unknown sex from our UCSF study groups.

Due to differences in encoding sex within the UCSF and Stanford EHR systems, there were a small number of individuals (0.02% of

the total) with an unknown sex that were included in the Stanford cohort dataset. These individuals were not included in any sex-spe-

cific analyses.

METHOD DETAILS

Data cleaning and quality control
Our data cleaning pipeline involved several steps. First, we performed quality control to remove any individuals with missing demo-

graphic information in the self-reported race, self-reported ethnicity, sex, and birth year categories from consideration for our disease

and healthy control groups in the UCSF dataset. Due to differences in encoding some of this demographic information between

UCSF and Stanford EHR systems, a small number of individuals with unknown demographic values were included in the Stanford

dataset (see Sex as a Biological Variable), but each individual with an ‘‘unknown’’ demographic field was similarly matched with

another Stanford individual with an ‘‘unknown’’ value, removing any issues comparing people without matching information. In

the UCSF study groups, we also required individuals to have a valid reported age at death, as this allowed us to compare individuals

by total lifespan. We restricted individuals to be between 30 and 90 years of age at their death in these groups. In the Stanford study

groups, there was a substantial amount of censored death information such that including lifespan information in matching would

have extremely limited our study group sizes, so we did not enforce this constraint. We verified that leaving out lifespan as amatching

variable in the Stanford groups did not significantly alter overall risk signals, so we felt confident leaving it out of our validation study

group criteria (See sensitivity analyses support risk associations between autoimmune disorders and AD in results). It is likely that,

because of censored data being included in the Stanford datasets, the increased risk associations we saw in our analyses would be

even stronger (see discussion). In addition to quality control on demographics, we also removed individuals who had zero hospital

visits or whose first and last visit dates were the same.

We next determined: 1) who in the autoimmune disorder patient groups and corresponding non-autoimmune control groups had

an AD diagnosis, and 2) who in the AD patient groups and corresponding non-AD control groups had an autoimmune disorder diag-

nosis. Within our autoimmune/AD disease groups and respective healthy control groups, different individuals were demarcated with

their assigned ‘‘person ID’’ following OMOP conventions. We then determined which person IDs of one group overlapped with the

person IDs of another group. For example, to discover which autoimmune patients and non-autoimmune controls had an AD diag-

nosis, we determined which of the person IDs of our AD patient group overlapped with the person IDs of the autoimmune and non-

autoimmune groups. In a similar manner, we determined which AD patients and which non-AD controls had an autoimmune diag-

nosis by overlapping the person IDs of our autoimmune patient group with the AD and non-AD person IDs.

We also identified the relative dates of AD and autoimmunity diagnoses for patients. To focus on the effect of autoimmunity on AD,

we did not consider individuals who had an AD diagnosis prior to their autoimmune disorder diagnosis. Specifically in the UCSF data-

set, we computed several metrics for each individual to aid the matching of autoimmune or AD patients to their respective controls

when performing different sensitivity analyses. These metrics included each individual’s age when they died, the total length of the

UCSF EHR record (last visit date - first visit date), and the frequency of doctor’s visits per year.

To understandwhich autoimmune disorder subtypesmight be driving AD risk, we grouped the 26 autoimmune disorders of interest

into 8 distinct subtype categories (Table S1 and Figure 3A) and assigned patients into categories based on which autoimmune dis-

order(s) they had. If a patient had multiple autoimmune disorders (UCSF n = 2,378 patients, Stanford n = 37,332 patients) across

different subtype categories, they were counted once within each subtype risk association analysis, and therefore could be repre-

sented in more than one analysis.

Study group matching and quality control
To mitigate selection bias and ensure robustness of results, we examined the risk of receiving an AD diagnosis following an autoim-

mune disorder diagnosis using two study designs in each of our EHR datasets: a retrospective case-control study with AD patients

and non-AD matched controls, and a retrospective cohort study with autoimmune disorder patients and non-autoimmune matched

controls. We performed 1:1 matching of patients to controls for each study group using propensity scoring on each individual’s birth
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year, sex, self-reported race, and self-reported ethnicity (Figures S6, S7, S8 and S11–S13). We alsomatched on lifespan in the UCSF

study groups (See Data Cleaning and Figures S6 and S7). We enforced exact matches between patients and controls in the cate-

gories of sex, self-reported race, and self-reported ethnicity. In our main analysis and throughout follow-up sensitivity analyses,

we ensured high-quality matching by verifying that the average absolute standardized mean error between each matched pair

was less than 0.1, which is considered a good match throughout the literature.52 Matching statistics for the main risk analysis are

reported in Figures S6, S7, S8, and S11–S13. We conducted final quality control in both study groups of our main and sensitivity an-

alyses by removing any matched pairs of individuals where a control individual was diagnosed with AD prior to the matched disease

case being diagnosed with an autoimmune disorder, to eliminate some aspects of reverse causality. After matching and cleaning, we

were left with four ‘‘study groups’’: a case-control and cohort study group from UCSF, and a case-control and cohort study group

from Stanford. Study group characteristics are listed in Table 1.

Chart review
Given the misclassification bias that can be present in EHRs, we performed a chart review on 50 randomly selected individuals from

the UCSF study groups to determine whether these people were truly AD patients or non-AD controls. We extracted the individuals’

notes from the UCSF EHR database and worked with collaborating clinicians to determine whether the patient outcomes observed

from the EHR billing codes aligned with what was in the unstructured clinical notes. We used three different categories to indicate our

confidence that each note represented a true AD diagnosis: the individual’s clinical notes indicate a clear AD diagnosis, the individ-

ual’s clinical notes clearly indicate lack of an AD diagnosis, and the individual’s notes indicate a dementia diagnosis but are unclear as

to whether the dementia subtype is AD. We first report classification statistics in the main text on those patients (N = 40) that we were

able to definitively classify with respect to AD. Under these conditions, PPV was 0.82, negative predictive value (NPV) was 1, sensi-

tivity was 1, and specificity was 0.94. Half (5/10) of the inconclusive dementia individuals were classified as having AD based on billing

codes and half were not. Many forms of dementia exist other than AD, and it is likely that these individuals truly contain a mix of AD

and non-AD dementias. If we treat all these individuals as not having AD or as having AD, the PPV ranges between 0.6 and 0.9, the

NPV between 0.85 and 1.0, and sensitivity between 0.74 and 1.0. Further chart review statistics are in Table S10.

Risk analysis
To enable comparison across the different study designs, we computed odds ratios to quantify the risk of being diagnosed with AD in

autoimmune disorder patients compared to non-autoimmune controls. Across each of the study groups, we computed odds ratios at

three levels: 1) across all autoimmune disorders combined, 2) across autoimmunity subtypes, and 3) across individual autoimmune

disorders. At each of these three levels, we repeated the analysis in a sex-stratified manner to explore if risk was sex-specific. All

odds ratios were computed using Fisher’s exact test on contingency tables of AD/autoimmunity patients.

Prevalence analysis
We calculated the prevalence of AD in patients with autoimmune disorders compared to matched controls in a sex-stratified

manner in the cohort study groups. To ensure that a difference in prevalence was not due to underlying demographic differences

between female andmale individuals, we took the cohort study groups across UCSF and Stanford andmatched the smaller sample

size of male individuals to female individuals based on birth year, self-reported race, and self-reported ethnicity, while matching

additionally on lifespan in the UCSF study groups. Again, we used exact matching on self-reported race and self-reported ethnicity

while using propensity score matching on the remaining variables. We then calculated the percentage of people with AD in each

stratification: female individuals with autoimmune disorders, male individuals with autoimmune disorders, female non-autoimmune

control individuals, and male non-autoimmune control individuals. To obtain a 95% confidence interval for each prevalence statis-

tic, we bootstrapped the data 1,000 times. We again used a Fisher’s exact test to compute significance of prevalence differences

among stratifications.

Sensitivity analyses
We report on several sensitivity analyses that we conducted to show the robustness of our results to many EHR confounders and

epidemiological confounders. Matching statistics for many of the covariates that we added to our matching pipeline to account

for confounding are shown in Figures S9 and S10, and matching among demographic variables remained high-quality (SMD<0.1)

throughout each sensitivity analysis, as in the main risk analysis. Specifically for the comorbidity sensitivity analysis, we used the

Charlson-Deyo Comorbidity Index (CDCI)22,23 to identify chronic conditions that could potentially influence the risk associations

we saw between autoimmunity and AD. This index includes 17 categories of comorbidities, two of which are dementias and rheu-

matic diseases. As these were our two categories of interest for the study, we did not include these in our comorbidity analysis, leav-

ing us with 15 classes of comorbidities to investigate. The CDCI is based on ICD-10 codes, and we mapped these to standardized

OMOP codes in the UCSF or Stanford OMOP databases to identify which individuals had which comorbidities. The ICD-10 codes we

used and their corresponding mapped standardized codes are listed in Table S9. We matched individuals on the presence or

absence of each comorbidity category at UCSF and Stanford, with an additional analysis where individuals were matched on the

total number of comorbidity categories each individual had present in their record at UCSF. Results of these sensitivity analyses

are listed in Table S4.
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Longitudinal AD onset analysis
To understand the effect of autoimmunity on the risk of ADdiagnosis over time, we conducted a longitudinal age of onset analysis. For

this, we constructed new longitudinal study groups from the UCSF and Stanford EHR systems, starting by selecting individuals with

both an autoimmune disorder and AD from our cohort study groups. We matched the autoimmunity patients with AD to individuals

without autoimmune conditions who had AD from the background UCSF and Stanford EHR databases. The same variables used to

match individuals for the main odds ratio analysis (birth year, age at death when available, sex, race, and ethnicity) were also used to

match the time-to-event study groups here. These time-to-event cohorts also passed our data quality control pipeline described pre-

viously. The age of AD onset for each individual in each longitudinal study group was then calculated by taking the difference in time

between a person’s birth year and the first appearance of an AD billing concept in the person’s medical record. We used a Mann-

Whitney U test and Cox proportional hazard modeling to compare age distributions and the rate of AD diagnosis over time.

QUANTIFICATION AND STATISTICAL ANALYSIS

Matching to construct study groups was performed using the matchit function of the MatchIt package (version 4.5.3). The nearest

neighbor method was used, and exact matching on self-reported race, self-reported ethnicity, and sex at birth was used as a default

unless otherwise stated. All Fisher’s exact tests to compute risk and prevalence statistics were conducted using the oddsratio.fisher

function of the epitools package (version 0.5–10.1). We also used the tableone package (version 0.13.2) to generate demographic

tables. Finally, Mann-Whitney U tests and Cox proportional hazard modeling was performed using the stats (version 4.1.3) and sur-

vival/survminer (version 3.5–5/0.4.9) packages, respectively. We conducted all computational steps using R (version 4.1.3), and plots

were created with the ggplot2 package (v3.4.2).

Statistical details of analyses, such as sample sizes and p values, can be found in figures and the main text, as well as in Table S8

containing all data points represented in plots. To account for multiple hypothesis testing, we used Bonferroni corrections for each

odds ratio analysis. For the disease subtype risk analysis, we corrected p-values within each overall or sex-stratified group (e.g., a

correction factor of 8 for the 8 disease subtype comparisons). For the specific disorder risk analysis, we performed a within-disorder-

subtype p-value correction to evaluate which specific conditions within an autoimmune disorder subtype group had significant sub-

type effects. This meant the correction factor for a particular disorder comparison was determined by the number of conditions within

that particular disorder’s subtype category (e.g., p-values for each autoimmune disorder in the endocrine subgroup were corrected

by a factor of 4, due to the endocrine subgroup being comprised of 4 diseases).
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