Supplemental Methods
Specimen collection & processing. 
Placenta tissue was collected at three timepoints for each placenta: full-thickness placental biopsy after delivery (fresh), after immersion in proton-free perfluorocarbon immersion liquid and ex vivo MRI scan protocol, and part of standard histopathological processing (Supplemental Figure 1 & 2). Fresh placentas were collected at delivery and immediately placed in sterile container on ice; biopsies were immediately flash frozen with liquid nitrogen and stored short-term at -80oC until processing (flash frozen placental sample, “F1”). Proton-free perfluorocarbon immersion liquid, Fluorinert FC-40 (Sigma Aldrich), is used commercially for stabilization of the placenta during ex vivo MRI. Placentas were exposed to Fluorinert FC-40 only during the acquisition time, which is approximately 60 minutes, and after completion, a second tissue biopsy was then collected and immediately flash frozen and stored at -80oC for later processing (flash frozen, Fluorinert-exposed placental sample, “F2”) (Supplemental Figure 1 & 2).  
Additionally, after imaging, each placenta underwent standard gross and histopathologic processing in the Children’s National Hospital Department of Pathology and Laboratory Medicine. For FFPE processing, fixation occurred in 10% non-buffered formalin for a minimum of 6 hours, followed by a 70% ethanol flush, four cycles of 100% ethanol, and three cycles of isopropanol. The specimens are then infused with paraffin wax and subsequently embedded into blocks for slicing and staining. FFPE blocks were obtained and specific blocks for downstream assessment were chosen based on approximate location to the fresh tissue biopsy site for each placenta. All samples were full thickness, collected equidistant from cord insertion site (Supplemental Figure 1 & 2).  DNA was extracted from 10mg of flash-frozen placenta tissue using the Gentra Puregene Tissue Kit (Qiagen). FFPE blocks were sliced using a rotary microtome (Leica) to obtain 4 x 20um slices per sample. For each FFPE sample, 4 additional slices were collected to test the impact of the downstream Infinium HD FFPE Restore (Illumina) protocol. Henceforth, these two samples will be referred to as “FFPE-processed” (F3) and “FFPE-processed and restored” (F4) placental samples. The FFPE slices were deparaffinized and DNA was extracted using the Quick-DNA FFPE kit (Zymo). Quality assessment via real-time quantitative PCR was performed on FFPE samples using SYBR Green PCR Master Mix on the QuantStudio 7 Flex (Applied Biosystems). Per MIQE Guidelines for Real-Time PCR experiments, the delta Cq method was used to determine that samples passed quality assessment if they had a value below 5. Bisulfite conversion was performed for all samples using EZ DNA Methylation-Lightning kit (Zymo). Following bisulfite conversion, the designated “FFPE restore” samples were further processed using the Infinium HD FFPE Restore protocol. All samples were subsequently processed using the Infinium MethylationEPIC Kit (Illumina) and BeadChip arrays were scanned on the NextSeq 550 with BeadChip adapter at the Children’s National Research Institute Genomics Core (Supplemental Figure 1B). 

DNA methylation array quality control & analysis
Raw intensity values (idat) were imported into R (version 4.3.1) for quality assessment using the ChAMP package individually by processing method (F1-F4). We have published the pipeline used here previously and followed the same normalization and filtering criteria in the present study (1). Raw beta values were first filtered by using wateRmelon, which removes probes if the bead count is less than 3 in ≥ 5% of the samples (2–6). Functional normalization of the data was executed using the minfi package with ssnoob background and dye correction (7). Additional filtration using minfi excluded all probes that had an intensity not significantly above background control probes (p-value > 0.05), all probes representing single nucleotide variants present in the general population with a minor allelic frequency > 5% (dropLociWithSnps), removal of sex chromosome values, and cross-reactive probes (maxprobes) (6,8). Plots representing quality (density plots, dendrograms, PCA) were generated using ggplot2.  The heatmap was generated using beta values from all the probes across each method, and using the cor function of stats package in r to produce a correlation matrix followed by pheatmap function (https://github.com/raivokolde/pheatmap). Sample correlation was performed by base R functioncor and Pearson correlation method. All packages were downloaded from Bioconductor, unless otherwise noted. 

Statistical analysis of methylation data quality
The present study leverages numerous statistical approaches in order to assess the impact of different placental processing methods on DNA methylation array data quality, from raw output to normalized and filtered data. These approaches provide insight into the utility of flash-frozen tissue versus archival, FFPE processed tissue for DNA methylation array applications. 
Threshold for significance: In multiple comparisons of the different methods (F1 vs. F2, F1 vs. F3, F1 vs. F4, and F3 vs. F4), we applied a level of significance threshold of 0.0125 to identify any significant differences across the different methods.
Probe detection by group: Using the raw data, a total of 866,238 probes were assessed for all four groups. We compared the different proportions of probes with detection (p-value ≥ 0.05) among the different processing groups using a 2-proportion z-test.
Association of fluorescence intensity: We computed the total fluorescence intensity per sample (methylated and unmethylated channels) using the getMeth and getUnmeth functiosfunctions in minfi and performed a paired t-test to identify significant differences between the processing methods. 
Number of CpG site differences by processing group: Among all four groups (F1, F2, F3 and F4), there was an intersection total of 760,439 CpG sites for the 6 participants across all groups. Using the beta-values of the CpG sites, we performed the Mann-Whitney Wilcoxon paired test on each row of the CpG sites matrix for the four different methods to identify the proportion of CpG sites that showed significant differences when comparing F1 and the remaining three groups, including F3 vs. F4 comparisons with a threshold set at p < 0.05 to identify differences in the number of CpG sites that differed among the different methods. 
Correlation among CpG sites by processing group: We computed the means of beta values across all individuals for each group and examined the correlation between the CpG sites for the different groups, using all 760,439 CpG sites common in all four groups.
Evaluation of PC1 with processing method groups: The first principal component (PC1) was extracted using prcomp in R for all 6 subjects by processing method groupings. We evaluated all pairwisePairwise associations were assessed between PC1 with the processing method using Pearson’s correlation. A matrix of correlation coefficients (r) and p-values was presented to determine significant associations between the processing methods using PC1 (Supplemental Table 3).

Placental cell-type composition analysis
Using the PlaNET package in R, we utilized the cibersort (CBS) method to attain estimations of known placental cell-types per sample. Estimations were given for syncytiotrophoblasts, trophoblasts, stromal, Hofbauer, endothelial, and nucleated red blood cells (nRBC). Statistical variation between processing methods (F1 versus F2, F3, and F4) were determined using a one-way repeated measures ANOVA (global).

DNA methylation gestational age prediction
The methylclock package was used in R and called the checkClocksGA function to assess that the input data had sufficient representation of the required CpGs for the available clocks; for this specific analysis the Lee methylation clock was selected. The Lee methylation clock was created using a reference of 1,102 subjects and uses a subset of 1,125 CpG sites to predict age. Of note, a default threshold of <20% missing CpG sites was used to proceed with aging analysis during the checkClocksGA function. To predict epigenetic age, the Lee placental methylation clock was selected in the DNAmGA function and beta values were assessed per sample at the predetermined 1,125 age-related CpG sites. The Lee clock contains 3 subsets that were trained using publicly accessible data from the Gene Expression Omnibus (GEO): the robust placental clock (RPC), the control placental clock (CPC), and the refined RPC (refRPC) (9). The RPC was trained using 1,102 published placental samples from GEO, predominantly from pregnancies unaffected by complications, but did include datasets that included preeclampsia, gestational diabetes, and congenital anomalies. The CPC was trained using 963 samples that were designated as “control” pregnancies without any apparent pathology. Finally, the refRPC, was trained using a subset of 733 term-only placental samples from the original RPC. The refRPC is intended for use specifically with term pregnancies (GA >36 weeks), while the RPC and CPC are useful for estimating the GA of samples collected throughout pregnancy, likely at earlier GA (9). As a result, while we reported results for all 3 clocks, the refRPC was used for the analyses described in the present study (Figure 1C, Supplemental Table 53). Beta values were input into the methylclock package in R (Bioconductor) (10,11). All analyses met and exceeded a default minimum of 80% coverage of these CpG sites through the checkClocksGA function. The DNAmGA function, specifying the Lee placental methylation clock for term placentas (Lee.refRPC), was then used to estimate the epigenetic age (GA) of each placental sample. The statistical difference in chronological GA versus epigenetic age was assessed by comparing GA at delivery to the estimated epigenetic age using a two-tailed t-test (Supplemental Table 53). Additionally, we assessed each processing method using a two-tailed t-test to determine significant differences among Lee.RPC estimated epigenetic age. 
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