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Additional information about (A) choice of dataset splits and the demographics of the training set and the SVCs,
(B) the description of the peak ratios, (C) the noise scheduel and guidance scale tuning for CDIFF, (D) details
on classification tasks, (E) the Pearson correlations between spectra and covariates, (F) Sensitivity to alternative
age and BMI thresholds, (G) regression tasks for predicting age and BMI from spectra, (H) the spectral regions
for dimensionality reduction visualizations, (I) classification results for rebalancing age and bmi groups, and (J) the
training process of CVAE, CBEGAN, and CDIFF, is included herein to complement the main text.
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A Single-Visit Cohorts
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Figure S1: Overview of data splits and naming conventions. Italic text indicates use cases. Each individual can only
appear in either the training, validation, or test set. An individual can appear in multiple SVCs; however, within an
SVC, by construction, each measurement is from a different individual.
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Figure S2: Distributions of age, sex, and BMI for all SVCs and the training set. SVCs were obtained by randomly
assigning a cohort id ∈ {1, . . . , 6} to each visit without repetition per individual. Each SVC comprises all mea-
surements sharing the same cohort id. Sizes were balanced by iteratively moving a random measurement from the
largest SVC to the smallest SVC whenever the individual did not already appear in the target SVC.
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B Peak ratio indices

Index Peak Ratio Description

0 I1635/I1654 Ratio of β-sheet to α-helix secondary structures;1–5

1 I1546/I1655 Amide I to amide II ratio; secondary structure/fibrils4,6–8

2 I1655/(I1655 + I1548) α-helix to total proteins7

3 I1684/(I1655 + I1548) Antiparallel β-sheet to total proteins7

4 I1515/(I1655 + I1548) Tyrosine-rich proteins to total proteins7

5 I2959/I2931 νas(CH3)/νas(CH2); lipid chain length8

6 (I2855 + I2927)/(I2962 + I2871) Fatty-acid elongation1,9

7 (I2851 + I2927)/(I1655 + I1548) Lipid-to-protein ratio7

8 I1239/(I2851 + I2927) Phospholipids to total lipids7

9 I1741/I1640 Lipid-to-protein ratio10

10 I1740/I1400 Lipid-to-protein ratio6,10

11 I2852/I1400 Lipid-to-protein ratio6

12 I1450/I1539 Lipid-to-protein ratio11

13 I1240/I1517 Tyrosine phosphorylation degree7

14 I1045/I1545 Phosphate-to-carbohydrate11

15 I1080/I1550 Phosphate-to-amide II4,6,8

16 I1060/I1230 νs(PO
−
2 )/νas(PO

−
2 )

11

17 I1170/I1080 Relative nucleic-acid content4

18 I1030/I1080 Glycogen/phosphate; metabolic turnover12–14

19 I1080/I1243 νs(PO
−
2 )/νas(PO

−
2 )

20 I1587/(I1655 + I1548) Free amino acids to proteins4

21 I1156/I1171 Carbohydrate moieties in plasma globulins15

22 I1243/I1314 Protein/nucleic acid changes8

23 I1453/I1400 δas(CH3)/δs(CH3)
8

Table S1: IR peak ratios used to evaluate the quality of higher-order moments of the synthetic spectra in Figure 2c-d.
(adapted from16).
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C CDIFF noise schedule and guidance scale tuning
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Figure S3: (a) Cumulative noise factor ᾱt following a cosine noise schedule. (b) Resulting fraction of the input that
remains βt at timestep t. (c) Loss scaling factor wt. (d) choice of guidance scale γ based on Fréchet distance between
real and synthetic data and within-condition ICC for dichotomised covariates.

D Details on classification tasks

A separate logistic regression classifier with L2 penalty and regularization strength C = 10 was fit for each SVC and
each covariate. The training set of a classifier is 80% of an SVC, and the test set is the remaining 20%. SVCs in
turn are obtained on the held-out test set with respect to the training of the generative models (see also Figure S1).
Therefore, spectra used to train the classifiers underwent the preprocessing pipeline described in the Methods section.
Similar to the generative models, the FTIR absorbance values measured at a resolution of approximately 2cm-1 were
used as features, while either age, sex, or BMI was the target. Resulting ROC curves in Figure 3 show the average
over all SVCs.

Group Overall SVC 1 SVC 2 SVC 3 SVC 4 SVC 5 SVC 6

N 5062 845 843 843 843 843 845

Age high 2207 371 373 364 370 359 370
Age low 2855 474 470 479 473 484 475

BMI high 2396 395 405 390 391 413 402
BMI low 2666 450 438 453 452 430 443

Sex female 3398 571 560 572 563 561 571
Sex male 1664 274 283 271 280 282 274

Table S2: Group sizes overall and per SVC. Age and BMI were dichotomised (high/low). All experiments were
conducted within cohorts. Classification tasks were performed on equally sized classes by randomly subsampling the
larger class. Results were averaged across cohorts afterwards.
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E Alternative metrics for assessing the quality of conditioning
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Figure S4: (a-c) Pearson correlations of real and synthetic data with the demographic covariates (non-
dichotomatised!). (d-f) Differential fingerprints (=difference between the mean of class 0 and the mean of class 1)
between dichotomised covariates and standard deviations of real and synthetic data.
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F Sensitivity to alternative age and BMI thresholds
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Figure S5: Sensitivity of effect sizes to alternative thresholds for age and BMI dichotomization. (a) Effect sizes when
varying the BMI threshold from 23 to 33. (b) Effect sizes when varying the age threshold from 46 to 61 years old.

BMI threshold real CVAE CBEGAN CDIFF

23 0.779 ± 0.045 0.732 ± 0.054 0.759 ± 0.038 0.780 ± 0.023
25 0.793 ± 0.031 0.715 ± 0.032 0.737 ± 0.034 0.777 ± 0.016
27 0.798 ± 0.041 0.711 ± 0.042 0.753 ± 0.044 0.793 ± 0.034
29 0.789 ± 0.043 0.705 ± 0.039 0.795 ± 0.022 0.787 ± 0.042
31 0.781 ± 0.040 0.718 ± 0.056 0.789 ± 0.028 0.784 ± 0.039
33 0.769 ± 0.064 0.739 ± 0.065 0.793 ± 0.023 0.767 ± 0.051

Table S3: ROC-AUC scores for logistic regression classifiers trained on real (first column) or synthetic data to predict
the BMI label when varying the BMI threshold. The larger class was subsampled to ensure a 50/50 split between
classes. For every column, testing was performed on real data.
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age threshold real CVAE CBEGAN CDIFF

46 0.730 ± 0.040 0.688 ± 0.026 0.715 ± 0.030 0.677 ± 0.024
49 0.749 ± 0.043 0.708 ± 0.028 0.733 ± 0.036 0.757 ± 0.026
52 0.790 ± 0.032 0.737 ± 0.052 0.761 ± 0.037 0.795 ± 0.030
55 0.780 ± 0.021 0.719 ± 0.037 0.770 ± 0.036 0.783 ± 0.023
58 0.773 ± 0.037 0.745 ± 0.038 0.775 ± 0.049 0.797 ± 0.033
61 0.760 ± 0.059 0.760 ± 0.065 0.766 ± 0.070 0.779 ± 0.043

Table S4: ROC-AUC scores for logistic regression classifiers trained on real (first column) or synthetic data to predict
the age label when varying the age threshold. The larger class was subsampled to ensure a 50/50 split between classes.
For every column, testing was performed on real data.

G Covariate regression tasks

Figure S6: Elastic net regression scatter plots for predicting age and BMI. Models were trained per SVC; Scatter
plots show all SVCs overlaid. Trained on real (first column) or synthetic data, tested on real data for every column.
This setup is analogous to the setup used for binary classification in Figure 3(d-f).

Figure S7: Elastic net regression scatter plots for predicting age and BMI. Models were trained per SVC; Scatter
plots show all SVCs overlaid. In this setup, the training and test sets are from the same source, i.e., real data or from
the same generative model. This setup tests how strongly each condition was encoded without comparing it to real
data samples.
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Figure S8: Resolutions at a binning range of 5 for both age and BMI. The top row corresponds to the regression tasks
in Figure S6, and the bottom row corresponds to the regression tasks in Figure S7. ”Data source” refers to either
real data or synthetic data of a generative model.
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H Features with high correlation and Index of Individuality
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Figure S9: Regions selected for dimensionality reduction in Figure 4. (a) Index of Individuality, (b) mean FTIR
spectrum, (c) absolute Pearson correlation with age per wavenumber.
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I All classification tasks for underrepresented groups
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Figure S10: Evaluation of oversampling methods for underrepresented groups. Random and SMOTENC were im-
plemented via scikit-learn17. In each matrix, the x-axis shows the predicted label and the y-axis shows the true
label. (a) Baseline without undersampling. (b) Age classification (thresholds 49, 55). Similar to the ROC curves in
Figure 3, the age thresholds were chosen to enable balanced classes of the largest possible size. (c) BMI classification
(thresholds 25, 30). Thresholds according to the common separation between normal, overweight, and obese18
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Figure S11: Training progress. (a) CVAE reconstruction (MSE) and KL loss with cyclic β. (b) CBEGAN genera-
tor/discriminator losses and convergence measure. (c) CDIFF training and validation loss.
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