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Supplementary Table 1 1 

 2 
 

Lin’s CCC 

EHR Baseline 0.757 

Proteomics Baseline 0.800 

EHR + Proteomics Baseline 0.808 

COMET 0.871 

Agreement of COMET predictions for days to onset of labor with true outcomes. 3 

Supplementary Table 2 4 

Features Pearson Correlation 
(95% CI) RMSE 

EHR Baseline 0.768 
(0.685, 0.824) 20.4 

Metabolomics Baseline 0.758 
(0.678, 0.820) 21.1 

EHR + Metabolomics Baseline 0.816 
(0.753, 0.864) 18.7 

COMET 0.839 
(0.782, 0.881) 18.1 

Performance of COMET for predicting days to onset of labor using EHR data and metabolomics 5 
data. 6 

Supplementary Table 3 7 

 
Pearson R (95% CI) RMSE 

EHR Baseline 0.224 (0.076, 0.36) 31.3 



 

Proteomics Baseline 0.628 (0.53, 0.71) 28.7 

EHR + Proteomics Baseline 0.572 (0.46, 0.66) 29.6 

EHR + Proteomics + Prior 0.799 (0.74, 0.85) 19.9 

Performance of a ridge regression model for predicting days to onset of labor.  8 

Supplementary Table 4 9 

 
COMET COMET Transformer 

 
Pearson R RMSE Pearson R RMSE 

Baseline EHR Only 0.768 20.4 0.686 23.2 

Baseline EHR + Proteomics 0.815 18.4 0.818 18.5 

COMET  0.868 16.0 0.848 17.0 

Comparison of COMET to a variation that utilizes a transformer instead of an RNN to learn a 10 
latent representation of EHR data. 11 

Supplementary Table 5 12 

 
Cohen’s Kappa  

EHR Baseline 0.045 

Proteomics Baseline 0.210 

EHR + Proteomics Baseline 0.202 

COMET 0.458 

Agreement of COMET predictions for cancer mortality with true outcomes using 0.5 as the 13 
threshold to classify predictions. 14 

Supplementary Table 6 15 

 
AUROC (95% CI) AUPRC (95% CI) 



 

EHR Baseline 0.744 (0.70, 0.78) 0.118 (0.04, 0.20) 

Proteomics Baseline 0.823 (0.79, 0.85) 0.263 (0.21, 0.36) 

EHR + Proteomics Baseline 0.832 (0.80, 0.86) 0.263 (0.18, 0.34) 

EHR + Proteomics + Prior 0.841 (0.81, 0.86) 0.279 (0.20, 0.35) 

Performance of logistic regression models for predicting cancer mortality. 16 

Supplementary Table 7 17 

 
COMET COMET Transformer 

 
AUROC AUPRC AUROC AUPRC 

Baseline EHR Only 0.749 0.205 0.802 0.280 

Baseline EHR + Proteomics 0.786 0.365 0.812 0.423 

COMET  0.842 0.504 0.833 0.452 

Comparison of COMET to a variation that utilizes a transformer instead of an RNN to learn a 18 
latent representation of EHR data. 19 

Supplementary Table 8: Demographics for Pregnancy Cohorts 20 

 21 
 22 

 Pre-Training Cohort Omics Cohort 

Mean Age at Birth (SD) 32.1 (5.7) 32.2 (3.2) 

Baby Sex Male 15980 (51.8%) 37 (60.7%) 

Baby Sex Female 14659 (47.5%) 24 (39.3%) 

Baby Sex Unknown 204 (0.7%) 0 (0.0%) 

Race - White 9545 (31.0%) 20 (32.8%) 

Race - Asian 7768 (25.2%) 25 (41.0%) 

Race - Black or African 
American 

644 (2.1%) 0 (0.0%) 

Race - Native Hawaiian or 469 (1.5%) 1 (1.6%) 



 

Other Pacific Islander 

Race - American Indian or 
Alaska Native 

40 (0.1%) 0 (0.0%) 

Race - Other 10831 (35.1%) 9 (14.8%) 

Race - Unknown 1236 (4.0%) 6 (9.8%) 

Ethnicity - Hispanic or Latino 9855 (32.0%) 5 (8.2%) 

Ethnicity - Not Hispanic or 
Latino 

20485 (66.4%) 54 (88.5%) 

Ethnicity - Unknown 503 (1.6%) 2 (3.3%) 
  23 



 

Supplementary Table 9: Demographics for Cancer Mortality 24 

Cohorts 25 

 26 

 Pre-Training Cohort Omics Cohort 

Mean Age at Diagnosis (SD) 62.1 (7.5) 59.2 (7.7) 

Sex Male 18792 (50.9%) 305 (54.6%) 

Sex Female 18109 (49.1%) 254 (45.4%) 

Race - White 35052 (94.9%) 528 (94.5%) 

Race - Asian Indian 450 (1.2%) 6 (1.1%) 

Race - Asian 116 (0.3%) 1 (0.2%) 

Race - African 178 (0.5%) 10 (1.8%) 

Race - Pakistani 132 (0.4%) 3 (0.5%) 

Race - Chinese 76 (0.2%) 0 (0.0%) 

Race - Bangladeshi 10 (0.03%) 0 (0.0%) 

Race - Black 5 (0.01%) 0 (0.0%) 

Race - Unknown 902 (2.4%) 11 (2.0%) 

Ethnicity - Unknown 36901 (0.0%) 559 (100%) 
 27 

Supplementary Table 10 28 

 
Learning Rate Dropout Learning Rate Decay Layers 

EHR Baseline 0.0001 0.1 0.001 4 

Proteomics Baseline 0.001 N/A 0.1 N/A 

EHR + Proteomics Baseline 0.0001 0.3 0.1 4 

COMET 0.01 0.5 0.0001 2 

Optimal hyperparameters for predicting days to onset of labor. 29 



 

Supplementary Table 11 30 

 
Learning 

Rate 
Dropout Learning Rate 

Decay 
Layers Proteomics 

Hidden Dim 

EHR Baseline 0.001 0.1 0.0001 4 N/A 

Proteomics Baseline 0.001 N/A 0.01 N/A 64 

EHR + Proteomics 
Baseline 

0.01 0.5 0.01 4 64 

COMET 0.01 0.1 0.01 2 64 

Optimal hyperparameters for predicting days cancer mortality 31 

Supplementary Table 12 32 

 
Learning Rate Dropout Learning Rate Decay 

EHR Baseline 0.001 0.3 0.0001 

EHR + Proteomics Baseline 0.01 0.1 0.01 

COMET Transformer 0.01 0.1 0.01 

Optimal hyperparameters for COMET transformer experiments for predicting days to onset of 33 
labor. 34 

Supplementary Table 13 35 

 
Learning 

Rate 
Dropout Learning Rate 

Decay 

EHR Baseline 0.001 0.3 0.001 

EHR + Proteomics 
Baseline 

0.001 0.3 0.01 

COMET Transformer 0.001 0.3 0.001 

Optimal hyperparameters for COMET transformer experiments for predicting days to onset of 36 
labor. 37 



 

Supplementary Table 14 38 

 
Lambda Gamma 

EHR Baseline 250 N/A 

Proteomics Baseline 100 N/A 

EHR + Proteomics 
Baseline 

250 N/A 

EHR + Proteomics + 
Prior 

500 1 

Optimal hyperparameters for ridge regression experiments. 39 

Supplementary Table 15 40 

 
C Gamma 

EHR Baseline 10-4 N/A 

Proteomics Baseline 10-3 N/A 

EHR + Proteomics 
Baseline 

10-4 N/A 

EHR + Proteomics + 
Prior 

10-4 0.5 

Optimal hyperparameters for logistic regression experiments. 41 

Supplementary Note 1 42 

sST2 plays an important role in immune regulation during pregnancy, is known to vary 43 
throughout pregnancy progression, and is associated with the onset of several pregnancy 44 
complications such as preeclampsia and preterm labor.24,25 Cystatin C has also been shown to 45 
be a prognostic factor for gestational complications, and is especially relevant in preeclampsia 46 
in the context of compromised renal function.26,27 PLXB2 is a fetal membrane / endometrial 47 
protein, which has been shown to play a role in embryo attachment and vary throughout 48 
pregnancy.28,44  49 
 50 
 51 

https://sciwheel.com/work/citation?ids=16512544,16512557&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=16512566,16512567&pre=&pre=&suf=&suf=&sa=0,0


 

In the baseline experiments, the most correlated proteins were sICAM-3, LRRT1, and 52 
angiopoietin-4. The role of sICAM-3 has not been investigated in pregnancy, though one study 53 
compared levels of sICAM-3 in women ten years after they had severe early onset pre-54 
eclampsia and found that they were not different from controls with uncomplicated 55 
pregnancies.45 LRRT1 also does not have a known role in pregnancy and is better known for its 56 
role in organizing synapse development.46 While the expression of angiopoietin-4 does vary 57 
throughout pregnancy in rat placenta, it is not as well studied as angiopoietin-2, one of the top 58 
features for predicting the time to labor in the original study21, and for which there is human 59 
genetics-based evidence associating it with preterm labor.47,48 Angiopoietin-2 was one the top 60 
10 proteins with the greatest number of significant correlations with the EHR latent 61 
representation dimensions in the COMET models, but not in the baseline models, further 62 
suggesting a meaningful alignment occurs in the COMET models. 63 
 64 

Supplementary Note 2 65 

Many of the proteins that gained importance with COMET are known to play a role in pregnancy 66 
progression, fetal development, or pregnancy complications that have implications for labor 67 
timing. For example, SPINT2 is elevated in the placenta of patients who required preterm 68 
delivery due to preeclampsia.49 DDR1 has been implicated in birth timing and associated with 69 
gestational age.21,50,51 VEGFR sR3 plasma levels have been shown to change throughout 70 
human pregnancy.52 MMP12 plays a major role in remodeling of spiral arteries, which allows for 71 
proper placental development and maternal blood flow to the fetus; irregularities in spiral artery 72 
remodeling can cause fetal and maternal stress associated with preeclampsia.53,54 Conversely, 73 
the proteins that became less important with COMET have other biological functions. SLAF6 is 74 
a co-receptor for natural killer (NK) cell activation, and plays a role in T cell exhaustion with no 75 
known role in pregnancy.55 DRG1 is involved in mitotic spindle assembly and GTPase activity, 76 
and is primarily known to play a role in tumor metastasis across cancers.56,57  77 
 78 

Supplementary Note 3 79 

PGF is actively being investigated as a novel anti-cancer target, and has been shown to be a 80 
prognostic biomarker for mortality risk across several cancers.58 EDA2R is a transmembrane 81 
protein in the tumor necrosis factor receptor family that has been associated with cancer 82 
cachexia across multiple cancers and has been identified as a prognostic factor in both prostate 83 
cancer and breast cancer.59-61 GDF15 is a member of the glial cell-derived neurotropic factor 84 
family with generally very low levels in healthy humans, but has been associated with many 85 
diseases and is considered a biomarker for all-cause mortality across these diseases, including 86 
cancer.62,63 87 

https://sciwheel.com/work/citation?ids=11007532&pre=&suf=&sa=0


 

Supplementary Note 4 88 

Carcinoembryonic antigen-related cell adhesion molecule 5 (CEACAM5) is a prognostic 89 
biomarker that stimulates tumor proliferation in pancreatic, colon, and non-small cell lung 90 
cancers.64-66 Cytokeratin 19 (KRT19) plays a role in reprogramming cancer stem-cell like cells to 91 
be less aggressive and more drug sensitive, and is a prognostic biomarker in breast and 92 
prostate cancer.67-69 Syndecan 1 (SDC1) plays a role in tumor microenvironment modulation 93 
and is a prognostic biomarker associated with cancer metastasis and drug resistance.70  94 

Supplementary Note 5 95 

Here we write out a proof showing that the weight updates in the proteomics part of the network 96 
are a function of the EHR weights that are learned via pre-training. 97 
 98 
Notation 99 
• 𝐖proteomics

(") : Weights of the proteomics layer at time step 𝑡. 100 

• 𝐖GRU
(") : Weights of the GRU layer at time step 𝑡. 101 

• 𝜂: Learning rate. 102 

• 𝑦: True labels. 103 

• 𝑦%: Predicted labels (output of the model). 104 

• 𝐿: Loss function. 105 

• 𝐱proteomics: Input to the proteomics layer. 106 

• 𝐡GRU: Output of the GRU layer. 107 

• 𝑦%proteomics: Predicted output from the proteomics part of the network. 108 

• 𝑦%EHR: Predicted output from the EHR part of the network. 109 

• 𝑦%joint: Predicted output from the joint part of the network. 110 

• 𝑤final,proteomics: Weight for the proteomics output in the final layer of the network. 111 

The weight update formula for the proteomics layer is given by: 112 

𝐖proteomics
("$%) = 𝐖proteomics

(") − 𝜂𝛻𝐖proteomics
(") 𝐿 113 

Using the chain rule, the gradient 𝛻𝐖proteomics(") 𝐿 can be expressed as: 114 

𝛻𝐖proteomics
(") 𝐿 =

𝜕𝐿
𝜕𝑦%

⋅
𝜕𝑦%

𝜕𝑦%proteomics
⋅
𝜕𝑦%proteomics
𝜕𝐖proteomics

(")  115 



 

Gradient of Loss with Respect to Predicted Labels: 116 

𝜕𝐿
𝜕𝑦%

=
2
𝑛
(𝑦% − 𝑦) 117 

Gradient of Final Prediction with Respect to Predicted Proteomics: 118 

𝜕𝑦%
𝜕𝑦%proteomics

= 𝑤final,proteomics 119 

Gradient of Predicted Proteomics with Respect to Proteomics Weights: 120 

𝜕𝑦%proteomics
𝜕𝐖proteomics

(") = 𝐱proteomics
'  121 

Substitute the Components into the Gradient Formula: 122 

𝛻𝐖proteomics
(") 𝐿 = 3

2
𝑛
(𝑦% − 𝑦)4 ⋅ 𝑤final,proteomics ⋅ 𝐱proteomics

'  123 

Substitute Into Weight Update for Proteomics: 124 

𝐖proteomics
("$%) = 𝐖proteomics

(") − 𝜂 3
2
𝑛
(𝑦% − 𝑦) ⋅ 𝑤final,proteomics ⋅ 𝐱proteomics

' 4 125 

Influence of GRU Weights: 126 

The predicted label 𝑦% depends on: 127 

• 𝑦%proteomics = 𝐖proteomics𝐱proteomics 128 

• 𝑦%EHR = 𝐖EHR𝐡GRU 129 

• 𝑦%joint = 𝐖joint(𝐡GRU ∥ 𝐱proteomics) 130 

Here, 𝐡GRU is a function of the GRU weights 𝐖GRU
(") . Therefore, 𝑦% depends on 𝐡GRU, which in 131 

turn depends on 𝐖GRU
(") .  132 

Conclusion: 133 
Since the gradient 𝛻𝐖proteomics(") 𝐿 includes 𝑦%, and 𝑦% is influenced by 𝐡GRU, which depends on 𝐖GRU

(") , 134 

the weight update 𝐖proteomics
("$%)  is a function of 𝐖GRU

(") . 135 

Therefore, we can conclude that the weight update in the proteomics layer is indeed influenced 136 
by the weights in the EHR part of the network which are learned via pre-training. 137 

 138 



 

Supplementary Figures 139 

 140 
Supplementary Figure 1: Correlation network of the onset of labor dataset by modality. A 2-141 
dimensional representation for each modality is learned separately via t-SNE, lines represent 142 
significant correlations of variables across modalities. The shade of the nodes represents the 143 
number of significant correlations they have with features in other modalities. Faint gray nodes 144 
have few significant correlations, and colored nodes have a high number of significant 145 
correlations. Some proteins are significantly correlated with many EHR variables, suggesting 146 
overlapping information, but others have no significant correlations with any EHR variables, 147 
suggesting complementary information.  148 



 

 149 
Supplementary Figure 2: Distribution of number of significant correlations that each protein 150 
variable has with all EHR variables in the onset of labor dataset. 46.1% of the proteins have no 151 
significant correlation with any EHR variable, suggesting they provide novel information about 152 
the patient’s physiological state.  153 



 

 154 
Supplementary Figure 3: Correlation network of the onset of cancer mortality dataset by 155 
modality. A 2-dimensional representation for each modality is learned separately via t-SNE, 156 
lines represent significant correlations of variables across modalities. The shade of the nodes 157 
represents the number of significant correlations they have with features in other modalities. 158 
Faint gray nodes have few significant correlations, and colored nodes have a high number of 159 
significant correlations. Some proteins are significantly correlated with many EHR variables, 160 
suggesting overlapping information, but others have no significant correlations with any EHR 161 
variables, suggesting complementary information.  162 



 

163 
Supplementary Figure 4: Distribution of number of significant correlations that each protein 164 
variable has with all EHR variables in the cancer mortality dataset. 65.9% of the proteins have 165 
no significant correlation with any EHR variable, suggesting they provide information about the 166 
patient’s physiological state that is not captured in the EHR data.  167 



 

 168 
Supplementary Figure 5: LAG3 protein intensity for patients with and without a diagnosis of B-169 
cell chronic lymphocytic leukemia (n = 3). Box plots show the median (center line), 25th and 170 
75th percentiles (box bounds), with whiskers extending to the most extreme data points within 171 
1.5 times the interquartile range from the box edges.  172 



 

173 
Supplementary Figure 6: Visualization of the protein-only parameters moving through the 174 
parameter space during training of the onset of labor models. Each of the 25 iterations is 175 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 176 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 177 
converges to a different part of the parameter space which is not visited by the baseline model, 178 
suggesting that COMET allows the model to converge to sets of parameters (which result in 179 
better performing models) that are not possible with existing methods).  180 



 

181 
Supplementary Figure 7: Visualization of the EHR-only parameters moving through the 182 
parameter space during training of the onset of labor models. Each of the 25 iterations is 183 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 184 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 185 
converges to a different part of the parameter space which is not visited by the baseline model, 186 
suggesting that COMET allows the model to converge to sets of parameters (which result in 187 
better performing models) that are not possible with existing methods).  188 



 

189 
Supplementary Figure 8: Visualization of the joint parameters moving through the parameter 190 
space during training of the onset of labor models. Each of the 25 iterations is visualized 191 
separately. Red circles with gray lines represent COMET, and blue X’s with black lines 192 
represent the joint baseline model. In each iteration of the experiments, the COMET model 193 
converges to a different part of the parameter space which is not visited by the baseline model, 194 
suggesting that COMET allows the model to converge to sets of parameters (which result in 195 
better performing models) that are not possible with existing methods).  196 



 

197 
Supplementary Figure 9: Visualization of the overall parameters moving through the 198 
parameter space during training of the onset of labor models. Each of the 25 iterations is 199 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 200 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 201 
converges to a different part of the parameter space which is not visited by the baseline model, 202 
suggesting that COMET allows the model to converge to sets of parameters (which result in 203 
better performing models) that are not possible with existing methods).  204 



 

205 
Supplementary Figure 10: Visualization of the protein-only parameters moving through the 206 
parameter space during training of the cancer mortality models. Each of the 25 iterations is 207 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 208 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 209 
converges to a different part of the parameter space which is not visited by the baseline model, 210 
suggesting that COMET allows the model to converge to sets of parameters (which result in 211 
better performing models) that are not possible with existing methods).  212 



 

213 
Supplementary Figure 11: Visualization of the EHR-only parameters moving through the 214 
parameter space during training of the cancer mortality models. Each of the 25 iterations is 215 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 216 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 217 
converges to a different part of the parameter space which is not visited by the baseline model, 218 
suggesting that COMET allows the model to converge to sets of parameters (which result in 219 
better performing models) that are not possible with existing methods).  220 



 

221 
Supplementary Figure 12: Visualization of the joint parameters moving through the parameter 222 
space during training of the cancer mortality models. Each of the 25 iterations is visualized 223 
separately. Red circles with gray lines represent COMET, and blue X’s with black lines 224 
represent the joint baseline model. In each iteration of the experiments, the COMET model 225 
converges to a different part of the parameter space which is not visited by the baseline model, 226 
suggesting that COMET allows the model to converge to sets of parameters (which result in 227 
better performing models) that are not possible with existing methods).  228 



 

229 
Supplementary Figure 13: Visualization of the overall parameters moving through the 230 
parameter space during training of the cancer mortality models. Each of the 25 iterations is 231 
visualized separately. Red circles with gray lines represent COMET, and blue X’s with black 232 
lines represent the joint baseline model. In each iteration of the experiments, the COMET model 233 
converges to a different part of the parameter space which is not visited by the baseline model, 234 
suggesting that COMET allows the model to converge to sets of parameters (which result in 235 
better performing models) that are not possible with existing methods). 236 
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