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SUPPLEMENTARY FIGURES 
 
Supplementary Fig. 1. SHapley Additive exPlanations (SHAP) analysis of contribution of top 
25 features to model prediction. 
 

 
 

Each point represents one observation; deviation of the value from the mean population value is 
shown on the X axis. Categorical features are encoded as 1 or 0; continuous features are scaled 
and centered. A/G, albumin/globulin; APTT, activated partial thromboplastin time; EGFR NON-
AFR AM, estimated glomerular filtration rate non-African American; SBP, systolic blood 
pressure. 



 4 

Supplementary Fig. 2. Cohort design evaluation of model performance using rolled up 
diagnosis codes and medications in internal validation and external test cohorts. 
 

 
 

For each given year from 1999-2019, the model was assessed in a cohort design to predict 
autoantibody testing in the subsequent year. The model used rolled up features of diagnosis 
codes (e.g., M19 feature contains any sublevels such as M19.0, M19.01, M19.011, etc.) and 
medications (e.g., acetaminophen feature contains acetaminophen of different dosages). 
Performance of the model in each year in the internal validation cohort from the BioMe Biobank 
(BioMe) and the external test cohort from All of Us is depicted as a receiver-operating-
characteristic curve, and the mean area under the receiver-operating-characteristic curve 
(AUROC) across all years is reported in the legend. See Supplementary Table 3 for performance 
metrics of each model.
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Supplementary Fig. 3. Model performance in predicting autoantibody testing in a non-biobank 
dataset. 
 

 
 

The model was evaluated in a non-biobank cohort of 839,188 participants (67,565 [8.1%] with 
autoantibody tests) from the Mount Sinai health system found in the Mount Sinai Data 
Warehouse (MSDW) who had a median of 26 encounters (IQR, 44). In the MSDW dataset, the 
model had an AUROC of 0.90 (95% CI, 0.89-0.90), accuracy of 0.86 (95% CI, 0.85-0.86), 
sensitivity of 0.85 (0.85-0.86), specificity of 0.86 (0.86-0.86), negative predictive value of 0.85 
(95% CI, 0.85-0.86), and positive predictive value of 0.86 (95% CI, 0.86-0.86).
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Supplementary Fig. 4. Model performance in predicting autoantibody testing in subgroups of 
individuals less than or equal to 50 years old. 
 

 
 

a-b, Performance metrics in a subgroup of individuals less than or equal to 50 years old in the 
validation dataset from BioMe Biobank (BioMe cohort 1) and the external test dataset from All 
of Us.
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Supplementary Fig. 5. Model probabilities in subgroups stratified by sex, ethnicity, and 
education in BioMe Biobank and All of Us. 
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a, BioMe Biobank model-derived probabilities of autoantibody testing for 2,748 participants who 
had autoantibodies corresponding to SARDs and a rheumatology encounter (red violin plots), 
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and 20,487 controls who were not tested for autoantibodies and did not have a rheumatology 
encounter (blue violin plots), stratified by sex, ethnicity, and highest education level. b, All of Us 
model-derived probabilities of autoantibody testing for 24,280 participants who had 
autoantibodies corresponding to SARDs (red violin plots) and 103,652 controls who were not 
tested for autoantibodies (blue violin plots), stratified by sex, ethnicity, and highest education 
level.
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Supplementary Fig. 6. Model performance in predicting rheumatology encounters in an 
independent dataset. 
 

 
 

a-c, Performance in an independent dataset from BioMe Biobank (BioMe cohort 2). AUROC, 
area under the receiver-operating-characteristic curve.
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Supplementary Fig. 7. Model identification of individuals with autoantibodies and diagnoses 
for SARDs in the external test dataset. 

 
 

a, Model-derived probabilities of autoantibody testing for 24,280 participants who had 
autoantibodies corresponding to SARDs (red violin plots) and 103,652 controls who were not 
tested for autoantibodies (blue violin plot). b, Probabilities of autoantibody testing for 9,553 
participants with SARDs diagnoses (red violin plots) and 119,223 controls without a SARDs 
diagnosis or autoantibody test (blue violin plots). c, Fraction of individuals with autoantibodies 
identified by the model at increasing probability thresholds. The dashed line and blue portion of 
the bar plots represent the baseline fraction of autoantibodies detected in the population (0.19; 
24,280 out of 128,775) while the red portion of the bar plots indicate the excess fraction of 
autoantibodies identified by the model at each probability threshold. d, Absolute number of 
individuals who have not been tested for autoantibodies at increasing probability thresholds; the 
red portion of the bar plots represents those expected to carry autoantibodies at each probability 
threshold. At thresholds of ≥0.7 and ≥0.8, 275 out of 288 and 18 out of 19 untested individuals 
are expected to have autoantibodies, respectively. There were 0 untested individuals at a 
threshold of 0.9 and no individuals had probability of 1.0.
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Supplementary Fig. 8. Selection of study participants from the BioMe Biobank, All of Us, and 
Mount Sinai Data Warehouse (MSDW). 
 

 
 

EHR, electronic health record; imputation, random forest-based imputation of continuous 
laboratory values; rheumatology encounter, individual seen or treated by a rheumatologist; 
mention of autoimmunity in the EHR, mention of SARDs or autoimmune conditions in clinical 
notes; not used after 100 random forest iterations, not all controls were included after 100 
random forest iterations of a random sample of 90% of cases and an equal number of controls 
when training and testing the model. 
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Supplementary Fig. 9. Training, validation, external testing, and holdout set evaluation of 
machine learning model. 
 

 
 

We conducted a study to train, validate, and externally test a machine learning model to predict 
autoantibody testing using clinical features from the electronic health record (EHR) of 
participants in two institutions. The model was initially trained and validated in the BioMe 
Biobank cohort 1, and then externally tested in All of Us. The model was further evaluated for 
prediction of rheumatology encounters in a holdout set in the BioMe Biobank cohort 2, and 
prediction of autoantibody testing in a non-biobank population from the Mount Sinai Data 
Warehouse (MSDW). Features, clinical features in the EHR (diagnosis codes, medications, 
laboratory measurements, and vitals); AUROC, area under the receiver-operating characteristic 
curve.  
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SUPPLEMENTARY TABLES 
 
Supplementary Table 1. International Classification of Diseases-10 (ICD-10) diagnosis codes 
and autoantibody tests corresponding to systemic autoimmune rheumatic diseases (SARDs). 
 
SARDs ICD-10 Autoantibody 

ANCA-associated vasculitis M30.1|M31.3|M31.7|I77.82 ANCA, anti-PR3, anti-MPO 

Antiphospholipid syndrome D68.61|D68.62 Lupus anticoagulant, anti-
cardiolipin, anti-β2 glycoprotein 

Dermatomyositis M33.0|M33.1|M33.9 Anti-Mi-2, anti-MDA5, anti-
SAE1, anti-NXP2, anti-TIF1 

Diffuse cutaneous systemic sclerosis M34* Anti-Scl-70, Anti-RNAP III 

Drug-induced lupus M32.0 Anti-histone 

Limited cutaneous systemic sclerosis M34.1 Anti-centromere 

Mixed connective tissue disease M35.1|M35.8|M35.9 Anti-U1 RNP 

Polymyositis M33.2|M33.9 Anti-Jo-1, Anti-SRP 

Rheumatoid arthritis M05*|M06*|M08* RF, anti-CCP 

Sjogren syndrome M35.0* Anti-Ro**, Anti-La 

Systemic lupus erythematosus L93*|M32.1*|M32.8|M32.9||H01.12 Anti-dsDNA, anti-Smith 
 

*, indicates any ICD-10 diagnosis code below the stated parent level (e.g., M34* includes 
M34.0, M34.1, M34.2, M34.8, and M34.9). 
**, refers specifically to anti-Ro60.
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Supplementary Table 2. Top 25 most important features in machine learning model. 
 
Feature Importance 
Temperature 93 
Respirations 84 
Erythrocyte sedimentation rate - Westergren 82 
A/G ratio 67 
Albumin, blood 64 
Age 63 
White blood cell count 59 
Red cell distribution width 59 
Neutrophil # 58 
Sex 57 
Acetaminophen 325 mg tablet 55 
Vitamin D, 25 hydroxy 54 
QTc 54 
Triglycerides 53 
Transferrin saturation 52 
Mean corpuscular hemoglobin concentration 52 
aPTT 51 
Alkaline phosphatase, blood 51 
EGFR non-African American 51 
Neutrophil % 50 
Troponin-I 50 
Atrial rate 50 
Systolic blood pressure 50 
Magnesium, blood 50 
Platelet 49 

 

Feature importance was determined for each feature as the mean weight in training the model 
across 100 iterations, calculated as the feature's mean percent increase in mean squared error 
divided by its standard deviation and scaled from 0 (least important) to 100 (most important). 
Further details and units of measurements for features are shown in Supplementary Table 9. 
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Supplementary Table 3. Performance metrics of model evaluated with cohort design using rolled up diagnosis codes and 
medications. 
 

Dataset Year Total n Autoantibody 
tested, n (%) 

AUROC  
(95% CI) 

Sensitivity  
(95% CI) 

Specificity  
(95% CI) 

Accuracy  
(95% CI) 

NPV  
(95% CI) 

PPV  
(95% CI) 

BioMe 2019 415 28 (6.75) 0.86 (0.81 - 0.88) 0.87 (0.84 - 0.9) 0.87 (0.83 - 0.9) 0.87 (0.84 - 
0.89) 

0.87 (0.84 - 
0.9) 

0.87 (0.84 - 
0.9) 

BioMe 2018 470 18 (3.83) 0.85 (0.81 - 0.87) 0.86 (0.82 - 0.89) 0.86 (0.84 - 
0.88) 

0.86 (0.84 - 
0.88) 

0.86 (0.83 - 
0.89) 

0.86 (0.84 - 
0.88) 

BioMe 2017 764 33 (4.32) 0.86 (0.82 - 0.88) 0.84 (0.82 - 0.86) 0.85 (0.84 - 
0.87) 

0.85 (0.83 - 
0.86) 

0.84 (0.82 - 
0.86) 

0.85 (0.83 - 
0.86) 

BioMe 2016 886 42 (4.74) 0.82 (0.79 - 0.84) 0.83 (0.81 - 0.85) 0.82 (0.8 - 0.84) 0.82 (0.81 - 
0.83) 

0.83 (0.81 - 
0.84) 

0.82 (0.81 - 
0.84) 

BioMe 2015 1209 65 (5.38) 0.86 (0.83 - 0.86) 0.87 (0.85 - 0.89) 0.84 (0.83 - 
0.86) 

0.86 (0.85 - 
0.87) 

0.87 (0.85 - 
0.89) 

0.85 (0.84 - 
0.86) 

BioMe 2014 1825 169 (9.26) 0.88 (0.85 - 0.88) 0.86 (0.84 - 0.87) 0.84 (0.83 - 
0.86) 

0.85 (0.84 - 
0.86) 

0.85 (0.84 - 
0.87) 

0.85 (0.84 - 
0.86) 

BioMe 2013 1755 140 (7.98) 0.85 (0.83 - 0.85) 0.84 (0.83 - 0.85) 0.84 (0.83 - 
0.86) 

0.84 (0.84 - 
0.85) 

0.84 (0.83 - 
0.85) 

0.85 (0.83 - 
0.86) 

BioMe 2012 2782 213 (7.66) 0.9 (0.88 - 0.89) 0.83 (0.82 - 0.84) 0.86 (0.85 - 
0.87) 

0.84 (0.84 - 
0.85) 

0.83 (0.83 - 
0.84) 

0.85 (0.84 - 
0.86) 

BioMe 2011 3371 242 (7.18) 0.89 (0.87 - 0.89) 0.83 (0.82 - 0.84) 0.87 (0.86 - 
0.88) 

0.85 (0.84 - 
0.85) 

0.83 (0.83 - 
0.84) 

0.86 (0.85 - 
0.87) 

BioMe 2010 3693 221 (5.98) 0.89 (0.87 - 0.89) 0.84 (0.84 - 0.85) 0.84 (0.84 - 
0.85) 

0.84 (0.84 - 
0.85) 

0.84 (0.84 - 
0.85) 

0.84 (0.84 - 
0.85) 

BioMe 2009 4630 195 (4.21) 0.89 (0.88 - 0.89) 0.84 (0.83 - 0.85) 0.84 (0.83 - 
0.85) 

0.84 (0.84 - 
0.85) 

0.84 (0.84 - 
0.85) 

0.84 (0.84 - 
0.85) 

BioMe 2008 3818 258 (6.76) 0.89 (0.88 - 0.89) 0.82 (0.81 - 0.83) 0.87 (0.86 - 
0.88) 

0.84 (0.84 - 
0.85) 

0.83 (0.82 - 
0.84) 

0.86 (0.85 - 
0.87) 
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BioMe 2007 3309 155 (4.68) 0.89 (0.88 - 0.89) 0.83 (0.82 - 0.84) 0.86 (0.86 - 
0.87) 

0.85 (0.84 - 
0.85) 

0.84 (0.83 - 
0.84) 

0.86 (0.85 - 
0.87) 

BioMe 2006 2541 136 (5.35) 0.88 (0.86 - 0.88) 0.83 (0.82 - 0.84) 0.84 (0.83 - 
0.85) 

0.84 (0.83 - 
0.84) 

0.83 (0.83 - 
0.84) 

0.84 (0.83 - 
0.85) 

BioMe 2005 2227 132 (5.93) 0.87 (0.85 - 0.87) 0.84 (0.83 - 0.85) 0.82 (0.82 - 
0.83) 

0.83 (0.82 - 
0.84) 

0.84 (0.83 - 
0.85) 

0.83 (0.82 - 
0.83) 

BioMe 2004 1257 48 (3.82) 0.88 (0.85 - 0.88) 0.83 (0.82 - 0.85) 0.84 (0.82 - 
0.85) 

0.84 (0.83 - 
0.84) 

0.84 (0.82 - 
0.85) 

0.84 (0.83 - 
0.85) 

BioMe 2003 1106 69 (6.24) 0.87 (0.84 - 0.87) 0.83 (0.82 - 0.85) 0.82 (0.8 - 0.84) 0.83 (0.82 - 
0.84) 

0.83 (0.82 - 
0.84) 

0.82 (0.81 - 
0.84) 

BioMe 2002 1097 59 (5.38) 0.88 (0.85 - 0.88) 0.84 (0.83 - 0.85) 0.84 (0.82 - 
0.86) 

0.84 (0.83 - 
0.85) 

0.84 (0.83 - 
0.85) 

0.84 (0.83 - 
0.85) 

BioMe 2001 1198 85 (7.1) 0.86 (0.84 - 0.86) 0.82 (0.81 - 0.84) 0.82 (0.8 - 0.83) 0.82 (0.81 - 
0.83) 

0.82 (0.81 - 
0.84) 

0.82 (0.81 - 
0.83) 

BioMe 2000 1586 26 (1.64) 0.86 (0.84 - 0.86) 0.86 (0.85 - 0.87) 0.81 (0.8 - 0.82) 0.83 (0.82 - 
0.84) 

0.85 (0.84 - 
0.86) 

0.82 (0.81 - 
0.83) 

BioMe 1999 1730 16 (0.92) 0.89 (0.87 - 0.89) 0.86 (0.85 - 0.87) 0.83 (0.82 - 
0.84) 

0.84 (0.83 - 
0.85) 

0.85 (0.84 - 
0.86) 

0.83 (0.82 - 
0.84) 

All of Us 2019 68720 787 (1.15) 0.86 (0.86 - 0.88) 0.8 (0.79 - 0.81) 0.84 (0.83 - 
0.85) 

0.82 (0.82 - 
0.82) 

0.81 (0.8 - 
0.81) 

0.83 (0.83 - 
0.84) 

All of Us 2018 72691 1193 (1.64) 0.87 (0.87 - 0.88) 0.81 (0.8 - 0.82) 0.84 (0.83 - 
0.84) 

0.82 (0.82 - 
0.83) 

0.82 (0.81 - 
0.82) 

0.83 (0.83 - 
0.84) 

All of Us 2017 62130 1334 (2.15) 0.86 (0.87 - 0.88) 0.82 (0.81 - 0.83) 0.83 (0.83 - 
0.83) 

0.82 (0.82 - 
0.83) 

0.82 (0.81 - 
0.83) 

0.83 (0.83 - 
0.83) 

All of Us 2016 53780 1100 (2.05) 0.86 (0.87 - 0.88) 0.83 (0.82 - 0.85) 0.83 (0.82 - 
0.83) 

0.83 (0.82 - 
0.84) 

0.83 (0.82 - 
0.84) 

0.83 (0.82 - 
0.83) 

All of Us 2015 46059 968 (2.1) 0.86 (0.87 - 0.88) 0.85 (0.84 - 0.87) 0.82 (0.81 - 
0.83) 

0.83 (0.83 - 
0.84) 

0.85 (0.84 - 
0.86) 

0.82 (0.82 - 
0.83) 

All of Us 2014 40444 755 (1.87) 0.86 (0.87 - 0.88) 0.86 (0.85 - 0.87) 0.81 (0.8 - 0.82) 0.84 (0.83 - 
0.84) 

0.85 (0.84 - 
0.86) 

0.82 (0.82 - 
0.82) 
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All of Us 2013 32784 605 (1.85) 0.86 (0.87 - 0.88) 0.84 (0.82 - 0.85) 0.82 (0.81 - 
0.83) 

0.83 (0.82 - 
0.83) 

0.83 (0.82 - 
0.85) 

0.82 (0.82 - 
0.83) 

All of Us 2012 26613 528 (1.98) 0.86 (0.86 - 0.87) 0.85 (0.84 - 0.86) 0.81 (0.8 - 0.81) 0.83 (0.82 - 
0.83) 

0.84 (0.83 - 
0.85) 

0.81 (0.81 - 
0.82) 

All of Us 2011 21716 475 (2.19) 0.86 (0.87 - 0.88) 0.86 (0.85 - 0.87) 0.81 (0.81 - 
0.82) 

0.83 (0.83 - 
0.84) 

0.85 (0.84 - 
0.86) 

0.82 (0.82 - 
0.82) 

All of Us 2010 18102 396 (2.19) 0.87 (0.87 - 0.88) 0.87 (0.86 - 0.88) 0.81 (0.8 - 0.81) 0.84 (0.83 - 
0.84) 

0.86 (0.85 - 
0.87) 

0.82 (0.81 - 
0.82) 

All of Us 2009 14095 325 (2.31) 0.87 (0.87 - 0.89) 0.87 (0.86 - 0.87) 0.82 (0.81 - 
0.82) 

0.84 (0.84 - 
0.85) 

0.86 (0.85 - 
0.87) 

0.82 (0.82 - 
0.83) 

All of Us 2008 13005 299 (2.3) 0.87 (0.87 - 0.89) 0.87 (0.85 - 0.89) 0.81 (0.8 - 0.82) 0.84 (0.83 - 
0.85) 

0.86 (0.84 - 
0.88) 

0.82 (0.81 - 
0.83) 

All of Us 2007 10584 262 (2.48) 0.87 (0.88 - 0.89) 0.88 (0.87 - 0.89) 0.82 (0.81 - 
0.82) 

0.85 (0.84 - 
0.86) 

0.87 (0.86 - 
0.88) 

0.83 (0.82 - 
0.83) 

All of Us 2006 9530 192 (2.01) 0.87 (0.86 - 0.89) 0.86 (0.85 - 0.88) 0.81 (0.8 - 0.81) 0.84 (0.83 - 
0.84) 

0.86 (0.84 - 
0.87) 

0.82 (0.81 - 
0.82) 

All of Us 2005 7537 156 (2.07) 0.87 (0.87 - 0.88) 0.87 (0.86 - 0.88) 0.81 (0.8 - 0.82) 0.84 (0.83 - 
0.85) 

0.86 (0.86 - 
0.87) 

0.82 (0.81 - 
0.83) 

All of Us 2004 6132 145 (2.36) 0.88 (0.88 - 0.9) 0.9 (0.88 - 0.91) 0.8 (0.79 - 0.82) 0.85 (0.84 - 
0.86) 

0.89 (0.87 - 
0.9) 

0.82 (0.81 - 
0.83) 

All of Us 2003 4952 119 (2.4) 0.88 (0.87 - 0.9) 0.86 (0.84 - 0.87) 0.82 (0.81 - 
0.82) 

0.84 (0.83 - 
0.85) 

0.85 (0.83 - 
0.87) 

0.82 (0.81 - 
0.83) 

All of Us 2002 3641 98 (2.69) 0.87 (0.87 - 0.89) 0.87 (0.85 - 0.89) 0.82 (0.8 - 0.83) 0.84 (0.83 - 
0.86) 

0.86 (0.84 - 
0.88) 

0.82 (0.81 - 
0.84) 

All of Us 2001 3490 98 (2.81) 0.88 (0.88 - 0.9) 0.88 (0.86 - 0.89) 0.81 (0.8 - 0.82) 0.84 (0.83 - 
0.85) 

0.87 (0.85 - 
0.88) 

0.82 (0.81 - 
0.83) 

All of Us 2000 2806 72 (2.57) 0.88 (0.88 - 0.9) 0.88 (0.86 - 0.91) 0.81 (0.79 - 
0.83) 

0.85 (0.83 - 
0.86) 

0.88 (0.85 - 
0.9) 

0.82 (0.81 - 
0.84) 

All of Us 1999 2182 50 (2.29) 0.87 (0.87 - 0.9) 0.89 (0.86 - 0.92) 0.8 (0.78 - 0.83) 0.85 (0.83 - 
0.86) 

0.88 (0.85 - 
0.91) 

0.82 (0.8 - 
0.84) 
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For each given year from 1999-2019, the model was assessed in a cohort design to predict autoantibody testing in the subsequent year. 
The model used rolled up features of diagnosis codes (e.g., M19 feature contains any sublevels such as M19.0, M19.01, M19.011, 
etc.) and medications (e.g., acetaminophen feature contains acetaminophen of different dosages). Performance of the model in each 
year in the internal validation cohort from the BioMe Biobank (BioMe) and the external test cohort from All of Us is tabulated. Area 
under the receiver-operating-characteristic curve (AUROC); NPV, negative predictive value; PPV, positive predictive value.
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Supplementary Table 4. Summary of study participants with and without autoantibody testing 
in a non-biobank dataset. 
 
Trait Autoantibody tested 

(n=67,565) 
Not tested (n=771,623) 

Age, median (IQR) years 58 (28) 54 (33) 

Male, n (%) 21,054 (31) 325,472 (42) 

Ethnicity, n (%)   

   African 10,887 (16) 112,914 (15) 

   European 33,760 (50) 394,815 (51) 

   Hispanic 18,468 (27) 217,079 (28) 

   Other 4,548 (6.7) 47,850 (6.2) 

Interactions with health system   

   Duration, median (IQR) years 6.0 (6.1) 5.0 (5.4) 

   Encounters, median (IQR) 52 (90) 25 (41) 
 

Non-biobank dataset was from the Mount Sinai Data Warehouse (MSDW). Age, age at last 
clinical encounter; Ethnicity, self-reported ethnicity; Other, self-reported ethnicity other than the 
listed ones; Duration, length of electronic health record.
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Supplementary Table 5. Performance metrics of model in subgroups of individuals less than or equal to 50 years old. 
 
Dataset AUROC  

(95% CI) 
Sensitivity  
(95% CI) 

Specificity  
(95% CI) 

Accuracy  
(95% CI) 

NPV  
(95% CI) 

PPV  
(95% CI) 

BioMe Biobank 0.92 (0.91 - 0.92) 0.90 (0.90 - 0.91) 0.86 (0.85 - 0.87) 0.87 (0.86 - 0.87) 0.90 (0.89 - 0.90) 0.88 (0.87 - 0.88) 

All of Us 0.87 (0.87 - 0.87) 0.82 (0.81 - 0.82) 0.82 (0.81 - 0.82) 0.82 (0.81 - 0.82) 0.82 (0.82 - 0.82) 0.82 (0.81 - 0.82) 

 
AUROC, area under the receiver-operating-characteristic curve; NPV, negative predictive value; PPV, positive predictive value.
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Supplementary Table 6. Summary of study participants with and without rheumatology 
encounters in an independent dataset. 
 
Trait Rheumatology encounter 

(n=1,564) 
No rheumatology encounter 
(n=9,275) 

Age, median (IQR) years 60 (21) 55 (29) 

Male, n (%) 429 (27) 6044 (45) 

Ethnicity, n (%)   

   African 297 (19) 2322 (17) 

   European 277 (18) 4621 (34) 

   Hispanic 790 (51) 4081 (30) 

   Other 200 (13) 2474 (18) 

Interactions with health system   

   Unique ICD-10 codes, median (IQR) 69 (55) 29 (31) 

   Duration, median (IQR) years 7.3 (4.3) 5.6 (4.7) 

   Encounters, median (IQR) 87 (90) 32 (45) 
 

Independent dataset was from BioMe cohort 2. Age, age at last clinical encounter; Ethnicity, 
self-reported ethnicity; Other, self-reported ethnicity other than the listed ones; ICD-10, 
International Classification of Diseases 10; Duration, length of electronic health record.
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Supplementary Table 7. Performance metrics of machine learning models predicting future autoantibody testing. 
 
Time prior to test 
date (years) 

AUROC  
(95% CI) 

Sensitivity  
(95% CI) 

Specificity  
(95% CI) 

Accuracy  
(95% CI) 

NPV  
(95% CI) 

PPV  
(95% CI) 

0 0.93 (0.92 - 0.93) 0.91 (0.90 - 0.91) 0.88 (0.87 - 0.88) 0.89 (0.89 - 0.89) 0.90 (0.90 - 0.91) 0.88 (0.88 - 0.88) 

0.5 0.93 (0.93 - 0.94) 0.84 (0.84 - 0.85) 0.87 (0.87 - 0.87) 0.86 (0.85 - 0.86) 0.85 (0.84 - 0.85) 0.87 (0.86 - 0.87) 

1 0.92 (0.92 - 0.93) 0.84 (0.84 - 0.85) 0.86 (0.86 - 0.86) 0.85 (0.85 - 0.85) 0.85 (0.84 - 0.85) 0.86 (0.86 - 0.86) 

3 0.92 (0.92 - 0.93) 0.85 (0.85 - 0.86) 0.86 (0.85 - 0.86) 0.85 (0.85 - 0.86) 0.85 (0.85 - 0.86) 0.86 (0.85 - 0.86) 

5 0.91 (0.91 - 0.91) 0.87 (0.87 - 0.88) 0.84 (0.84 - 0.85) 0.86 (0.86 - 0.86) 0.87 (0.87 - 0.87) 0.85 (0.85 - 0.85) 

 
Time prior to test date (years), number of years that electronic health record data was restricted to prior to first test date; AUROC, area 
under the receiver-operating-characteristic curve; NPV, negative predictive value; PPV, positive predictive value. 
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Supplementary Table 8. Performance metrics of machine learning models predicting future encounter with rheumatologist. 
 
Time prior to 
encounter date 
(years) 

AUROC  
(95% CI) 

Sensitivity  
(95% CI) 

Specificity  
(95% CI) 

Accuracy  
(95% CI) 

NPV  
(95% CI) 

PPV  
(95% CI) 

0 0.94 (0.94 - 0.95) 0.92 (0.92 - 0.92) 0.94 (0.93 - 0.94) 0.93 (0.93- 0.93) 0.92 (0.92 - 0.92) 0.93 (0.93 - 0.94) 

0.5 0.93 (0.92 - 0.93) 0.90 (0.90 - 0.91) 0.90 (0.90 - 0.90) 0.90 (0.90 - 0.90) 0.90 (0.90 - 0.91) 0.90 (0.90 - 0.90) 

1 0.93 (0.92 - 0.93) 0.91 (0.90 - 0.91) 0.90 (0.90 - 0.90) 0.90 (0.90 - 0.90) 0.91 (0.90 - 0.91) 0.90 (0.90 - 0.90) 

3 0.93 (0.92 - 0.93) 0.89 (0.88 - 0.89) 0.89 (0.89 - 0.89) 0.89 (0.89 - 0.90) 0.89 (0.89 - 0.89) 0.89 (0.89 - 0.89) 

5 0.92 (0.91 - 0.92) 0.84 (0.84 - 0.84) 0.86 (0.86 - 0.87) 0.85 (0.85 - 0.85) 0.84 (0.84 - 0.85) 0.86 (0.86 - 0.86) 

 
Time prior to test date (years), number of years that electronic health record data was restricted to prior to first encounter date; 
AUROC, area under the receiver-operating-characteristic curve; NPV, negative predictive value; PPV, positive predictive value. 
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Supplementary Table 9. Clinical features used to train machine learning model. 
 
Feature Participants  

(N=23,938) 
Diagnosis codes — no. (%)  
     E55.9 - Vitamin D deficiency, unspecified 7328 (29) 
     E66.3 - Overweight 2756 (11) 
     E66.9 - Obesity, unspecified 5353 (21) 
     E78.00 - Pure hypercholesterolemia, unspecified 4096 (16) 
     E78.5 - Hyperlipidemia, unspecified 8227 (33) 
     G89.29 - Other chronic pain 4738 (19) 
     I10 - Essential (primary) hypertension 12146 (49) 
     I25.10 - Atherosclerotic heart disease of native coronary artery without angina pectoris 3538 (14) 
     J06.9 - Acute upper respiratory infection, unspecified 4877 (20) 
     J45.909 - Unspecified asthma, uncomplicated 3933 (16) 
     K21.9 - Gastro-esophageal reflux disease without esophagitis 6369 (25) 
     M19.90 - Unspecified osteoarthritis, unspecified site 3018 (12) 
     R73.03 - Prediabetes 3484 (14) 
     Z00.00 - Encounter for general adult medical examination without abnormal findings 13471 (54) 
     Z01.419 - Encounter for gynecological examination (general) (routine) without abnormal findings 5605 (22) 
     Z01.810 - Encounter for preprocedural cardiovascular examination 2390 (9.5) 
     Z01.818 - Encounter for other preprocedural examination 5249 (21) 
     Z11.3 - Encounter for screening for infections with a predominantly sexual mode of transmission 2861 (11) 
     Z11.59 - Encounter for screening for other viral diseases 2819 (11) 
     Z12.11 - Encounter for screening for malignant neoplasm of colon 5592 (22) 
     Z13.220 - Encounter for screening for lipoid disorders 2670 (11) 
     Z23 - Encounter for immunization 14446 (58) 
Medications — no. (%)  
     Acetaminophen 325 mg tablet 8815 (35) 
     Albuterol sulfate hfa 90 mcg/actuation aerosol inhaler 5244 (21) 
     Amlodipine 10 mg tablet 2558 (10) 
     Amlodipine 5 mg tablet 3458 (14) 
     Aspirin 81 mg chewable tablet 5025 (20) 
     Aspirin 81 mg tablet, delayed release 2741 (11) 
     Atorvastatin 20 mg tablet 2484 (9.9) 
     Atorvastatin 40 mg tablet 2704 (11) 
     Cephalexin 500 mg capsule 2863 (11) 
     Ciprofloxacin 500 mg tablet 2852 (11) 
     Dextrose 40 % oral gel 2646 (11) 
     Dextrose 50 % in water (d50w) intravenous solution 2621 (11) 
     Docusate sodium 100 mg capsule 6290 (25) 
     Famotidine 20 mg tablet 3456 (14) 
     Flu vaccine 2015 3092 (12) 
     Flu vaccine 2012-13 4571 (18) 
     Flu vaccine 2016-17 2771 (11) 
     Flu vaccine 2013-14 2651 (11) 
     Flu vaccine 2014-15 4003 (16) 
     Fluticasone 50 mcg/actuation nasal spray, suspension 3860 (15) 
     Glucagon (human recombinant) 1 mg/ml solution for injection 2727 (11) 
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     Heparin (porcine) 5,000 unit/ml injection solution 3909 (16) 
     Hydrochlorothiazide 25 mg tablet 2516 (10) 
     Ibuprofen 400 mg tablet 4943 (20) 
     Ibuprofen 600 mg tablet 3285 (13) 
     Ketorolac 30 mg/ml (1 ml) injection solution 2350 (9.4) 
     Lisinopril 10 mg tablet 2379 (9.5) 
     Naproxen 500 mg tablet 2972 (12) 
     Ondansetron HCl (pf) 4 mg/2 ml injection solution 5064 (20) 
     Oxycodone 5 mg tablet 2869 (11) 
     Oxycodone-acetaminophen 5 mg-325 mg tablet 7756 (31) 
     Pantoprazole 40 mg tablet, delayed release 3411 (14) 
     Pneumococcal 13-val conjugate vaccine 4025 (16) 
     Polyethylene glycol 3350 17 gram oral powder packet 4575 (18) 
     Sennosides 8.6 mg tablet 3589 (14) 
     Sodium chloride 0.9 % intravenous solution 3340 (13) 
     Sodium chloride 0.9 % iv bolus 7318 (29) 
Laboratory measurements — median (IQR)  
     A/G Ratio 1.5 (0.37) 
     Albumin, Blood — g/dL 4.2 (0.5) 
     Alkaline Phosphatase, Blood — U/L 76 (31) 
     Amylase, Blood — U/L 71 (23) 
     APTT — sec 30 (3.2) 
     Atrial Rate (via electrocardiogram) — min-1 74 (14) 
     Basophil % 0.40 (0.29) 
     Bilirubin Direct — mg/dL 0.15 (0.10) 
     Bilirubin Total — mg/dL 0.40 (0.30) 
     Calcium, Blood — mg/dL 9.4 (0.59) 
     Carbon Dioxide-Blood — mEq/L 26 (2.7) 
     Chloride-Blood — mEq/L 103 (2.5) 
     Creatinine-Serum — mg/dL 0.90 (0.33) 
     EGFR Non-African American — mL/min/1.73m² 74 (34) 
     Ejection Fraction — % 62 (4.2) 
     Erythrocyte Sedimentation Rate - Westergren — mm/hr 22 (24) 
     Ferritin — μg/L 98 (118) 
     Gamma-Glutamyl Transpeptidase-Blood — U/L 33 (30) 
     Glucose — mg/dL 91 (22) 
     Glucose (POCT) By Meter — mg/dL 112 (28) 
     HDL Cholesterol — mg/dL 53 (18) 
     Hematocrit-Venous (POCT) — % 42 (6) 
     Hemoglobin A1c — % 5.7 (0.80) 
     INR 1.0 (0.10) 
     LDH, blood — mg/dL  
     Lipase — U/L 80 (46) 
     Magnesium, Blood — mEq/L 2.04 (0.17) 
     Mean Corpuscular Hemoglobin Concentration — g/dL 34 (0.90) 
     Mean Corpuscular Volume — fL 34 (0.90) 
     Neutrophil # 4.3 (2.3) 
     Neutrophil % 62 (13) 
     Nucleated RBC # 0 (0) 
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     pH - Dipstick 6 (0.65) 
     Phosphorus-Blood — mg/dL 3.5 (0.32) 
     Platelet — 109/L 231 (81) 
     PO2, Venous (POCT) — mmHg 32 (9.0) 
     QRS Duration — ms 85 (10) 
     QT — ms 389 (32) 
     QTc — ms 431 (24) 
     R Axis — ° 29 (39) 
     Red Blood Cell — 1012/L 4.3 (0.67) 
     Red Cell Distribution Width — % 14 (1.6) 
     Specific Gravity-Dipstick 1.02 (0.0050) 
     TIBC — μg/dL 297 (39) 
     Transferrin Saturation — % 27 (10) 
     Triglycerides — mg/dL 111 (65) 
     Troponin-I — ng/dL 0.026 (0.12) 
     Urine-Creatinine (Concentration) — mg/dL 117 (70) 
     Urine-pH 6.0 (0.91) 
     Urine-Specific Gravity 1.02 (0.0080) 
     Urea Nitrogen-Blood — mg/dL 15 (6.5) 
     Urobilinogen — mg/dL 0.21 (0.21) 
     Urobilinogen - Dipstick — mg/dL 0.25 (0.18) 
     Vitamin D, 25 Hydroxy — ng/mL 25 (9.4) 
     White Blood Cell — 109/L 6.9 (2.7) 
     Whole Blood Calcium, Venous (POCT) — mg/dL 1.2 (0.032) 
     Whole Blood Chloride, Venous — mEq/L 103 (2.0) 
     Whole Blood CO2, Venous — mEq/L 27 (2.9) 
     Whole Blood Lactate-Venous (POCT) — mEq/L 1.2 (0.48) 
     Whole Blood Sodium, Venous (POCT) — mEq/L 139 (2.6) 
     Whole Blood Sodium, Venous — mEq/L 141 (2.0) 
Vitals — median (IQR)  
     Diastolic Blood Pressure — mmHg 72 (10) 
     Height — in 65 (5) 
     Oxygen saturation — % on room air 98 (1.5) 
     Pain - Abdomen 0 (0) 
     Pain - Ankle 0 (0) 
     Pain - Back 0 (0) 
     Pain - Breast 0 (0) 
     Pain - Chest 0 (0) 
     Pain - Left Costal 0 (0) 
     Pain - Right Costal 0 (0) 
     Pain - Elbows 0 (0) 
     Pain - Generalized 0 (0) 
     Pain - Groin 0 (0) 
     Pain - Hands 0 (0) 
     Pain - Head 0 (0) 
     Pain - Knees 0 (0) 
     Pain - Left Leg 0 (0) 
     Pain - Lower Extremities 0 (0) 
     Pain - Neck 0 (0) 
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     Pain - Pelvis 0 (0) 
     Pain - Perineum 0 (0) 
     Pain - Right Leg 0 (0) 
     Pain - Sacrum 0 (0) 
     Pain - Scrotum 0 (0) 
     Pain - Shoulder 0 (0) 
     Pain - Throat 0 (0) 
     Pain - Upper Extremities 0 (0) 
     Pain - Wrist 0 (0) 
     Pulse (via pulse oximetry) — sec-1 77 (13) 
     Respirations — min-1 18 (1.0) 
     Systolic Blood Pressure — mmHg 126 (18) 
     Temperature — °F 98 (0.60) 

 

IQR, interquartile range; diagnosis codes, International Classification of Diseases (ICD)-10 
codes; IV, intravenous; IM, intramuscular; A/G, albumin/globulin; APTT, activated partial 
thromboplastin time; EGFR, estimated glomerular filtration rate; INR, international normalized 
ratio; HDL, high-density lipoprotein; TIBC, total iron-binding capacity; pain, pain scale from 0 
(no pain) to 10 (worst pain).  
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Supplementary Table 10. Set of 18 autoimmune conditions for validation of model. 
 
Autoimmune condition ICD-10 diagnosis code Cases, n (%) 

Addison's disease2,3 E27.1, E27.2, E27.4 320 (0.89) 

Ankylosing spondylitis4,5 M45* 82 (0.23) 

Autoimmune hepatitis6 K75.4 132 (0.37) 

Crohn's disease7,8 K50* 502 (1.4) 

Giant cell arteritis9,10 M31.5, M31.6 128 (0.36) 

Glomerulonephritis11 N00*, N01*, N03* 229 (0.64) 

Graves’ disease12,13 E05.0* 589 (1.6) 

Hashimoto’s thyroiditis12,13 E06.3 1,165 (3.2) 

Multiple sclerosis14 G35* 288 (0.80) 

Myasthenia gravis15 G70* 93 (0.26) 

Optic neuritis16,17 H46.0, H46.1, H46.8, H46.9 108 (0.30) 

Polyarteritis nodosa18 M30* 18 (0.050) 

Psoriasis19,20 L40* 916 (2.6) 

Rheumatic mitral valve disease21 I05* 493 (1.4) 

Sarcoidosis22 D86* 571 (1.6) 

Type 1 diabetes23 E10* 968 (2.7) 

Ulcerative colitis7,8 K51* 370 (1.0) 

Vitiligo24 L80 175 (0.49) 
 

ICD-10, International Classification of Diseases 10; n, number; *, indicates any ICD-10 code 
below the stated parent level (e.g., L40* includes L40.0, L40.1, L40.2, L40.3, etc.). 
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