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Data Source and Evaluation Matrix
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Synthetic medical data’ facilitates secure research and data sharing. @e study analyzed ten variables from the clinical dataset and fifteen variables from the SDoH dataset. This poste? Data & Variables
Howevgr, effective methods for Com.blnl.ng syqthetlc clln!cal data with Social oresents only the representative variables due to space limitations. » Real Data: EHR dataset of 8,813 adult cancer patients from Georgetown
Determinants of Health (SDoH) , which is crucial for equitable healthcare but e University.
remain underexplored. _mmm g o « SDoH Data: County-level features (e.g., income, food access, pollution, age)
: : : : Percentage of Female (sex_cd 69.57% 68.48% 70.60% Table 1. Summary Statistics for Clinical and SDoH ' y . -9- ’ . ’.p » 49
synthetic clinical data generated by an LLM-based generative Al model. Percentage of English (language) 97.68% 89.75% 85.82% variables, both synthetic datasets deviate from the real « Synthetic Model: Gretel.ai’'s Generative Al model.3
- - . : dataset. The pre-joined synthetic dataset maintains Evaluation Matrix:
SDoH Data Integration Methods with Synthetic Data pO7E0AS 0082043 00920 values that are closer to the real data across all clinical |+ Descriptive Analysis: Comparison of summary statistics (e.g., percentages.
Limited Access to Healthy Foods 0.03+0.02 0.03+0.02 0.03+0.02 gg't'zsgtos”drgs;i‘;';fast'e':gr 25602”" aéff;-esst’eﬁfgl-sfr:ﬁ'c means/SDs).
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raw value with the real data. 2 y 2 « Geospatial Analysis: Heat maps to visualize county-level SDoH distributions.
Adult Obesity raw value 030+0.06 0.29+£0.06  0.30+0.06 « Correlation Assessment: Scatter plots comparing clinical-SDoH correlation
+ > coefficients between real and synthetic datasets (vs. a slope-1 line).
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% °¢¢ Real Dol Data for Representative SDoH Variables. Colored . = Takeaways
areas indicate counties presented in the f . : . . e
e SEEeE GlEy ST rsesar raslens wili 012 , The Post-Jollneld approach (trained on clinical only) was better at replicating
Model no patlents The geographlc dIStrIbUtlonS In Real Data Adult Obesity raw value o a::st-Join Data Adult Obesity raw value Pre-Join Data Adult Obesity raw value real SDOH dIStrIbUtlonS . 0 .
e = — the three datasets appear broadly similar but = - - 2 = " * The Pre-Joined approach (trained on clinical + SDoH) was better at modeling
Join by still exhibit noticeable differences. Since both L ; - &.‘ E SR continuous feature correlations due to its richer feature context.
Synthetic Clinical Data. FIPS Post-Joined Synthetic Data the real dataset and the post-joined synthetic &, = .. = . e » Both methods successfully preserve general SDoH statistical characteristics
Code : Snaiiie  madie o ine : . : . . .
Real SDoH Data dataset are merged with real SDoH data, - > but introduce geographic biases and struggle to maintain fidelity for near-zero
their heat maps exhibit identical density — | ' I — e
Gen Al distributions for each variable. In contrast, Future O rt- .
) . Mﬂdﬂl the pre_JOIned SynthetIC dataset, Wthh Real Data Limited Access to Healthy Foods raw value Post-Join Data Limited Access to Healthy Foods raw value Pre-Join Data Limited Access to Healthy Foods raw value u ure ppo unl IeS
Synthet.'c data was ge'.nerated by Gretel.al, a | contains fully synthetic SDoH values, may  Enhancing generative Al models to address the biases in geographic
synthetic data generation platform. . ey . . .
display variations in density compared to the - representation.
Synthetic Pre-Joined Data real data. - Evaluating performance using larger, more complex, and multi-institutional
[ | , ——————————— datasets to achieve broader and more balanced geographic coverage.

Figure 1. Real, Post-Joined Synthetic, and Pre-Joined Synthetic Data Generation and
Integration Pipeline.
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Table 1. Integration Strategies Compared
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1. Baseline No synthesis  Real SDoH Clinical data joined with real SDoH by real FIPS ® #ofBilling E .4 J;sf o 1. Yan C, Yan Y, Wan Z, Zhang Z, Omberg L, Guinney J, Mooney SD, Malin BA. A multifaceted
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