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I. Results: Race and Ethnicity – Stratified Models 

Race-based stratification for non-Hispanic Black grandchildren with grandparents living in redlined areas compared to those in yellow-lined areas revealed a similar pattern as our primary analysis, lower wealth, and higher BMI, although the sample size was smaller and the differences were not statistically significant. For non-Hispanic White grandchildren, we observed lower average household wealth and lower BMI outcomes for those with a grandparent in a redlined region. The results are presented in detail below: 

Average Household Wealth

Our secondary analyses involved race- and ethnicity-stratified models, which were implemented using methods similar to our primary analysis. The results of our POC models examining the association between grandparent HOLC designated grade location and generational wealth accumulation are presented in Table S2. Model 1a, unadjusted, (𝛽= -$10,814; 95% CIrbc: -$53,195, $48,820) and Model 2a, adjusted for age and year, (𝛽= -$18,552; 95% CIrbc: -$56,060, $44,925) demonstrated a lower household wealth accumulation for POC grandchildren whose grandparent lived in a redlined area when compared to those with a grandparent in a yellow-lined area, although not statistically significant. In the fully adjusted model, POC grandchildren whose grandparents lived on the redlined side of the boundary had a $20,525 (95% CIrbc: -$56,460, $44,210) lower average household wealth accumulation than POC grandchildren whose grandparents lived on the yellow-lined side of the boundary, although this association was not statistically significant. The confidence intervals across all POC models were wide and none of the models were statistically significant.

The unadjusted association for White non-Hispanics indicates that grandchildren with a grandparent who lived in a redlined area have lower wealth compared to those with a grandparent in a yellow-lined area (𝛽= -$8,386; 95% CIrbc: -$160,334.65, $140,615.41). Similarly, the remaining models show that White descendants have lower generational wealth accumulation associated with grandparents residing in redlined areas than those with a grandparent in yellow-lined areas (Table S2). Models 2a and 3a reveal a significant discontinuity at the threshold, indicating lower wealth accumulation for White grandchildren with a grandparent living in redlined areas compared to those with a grandparent connected to yellow-lined areas, at -$149,279 (95%CIrbc: -$332,074.99, -$65523.06) and -$141,464 (95% CIrbc: -$315,613.88, -$50,386.20), respectively.

Highest Body Mass Index 

Table S3 presents the results of our secondary analysis regarding body mass index (BMI). Our PoC models indicate that grandchildren who have a grandparent living in redlined areas have a higher BMI range than those in yellow-lined areas, with an effect size of 0.34 to 2.12. Although no models displayed statistical significance, this suggests a positive association between living in redlined areas and BMI. In contrast, the White non-Hispanic models show a negative effect size ranging from -5.25 to -8.46, and all models are statistically significant, indicating that have a grandparent living in a redlined versus yellow-lined area is associated with a lower BMI.


II. Background on Falsification and Validation Test
A few assumptions must be met or nearly met for a geographical regression discontinuity (GRD) design to yield plausible causal estimates. First, differential response bias must be ruled out (1,2). This means that the response cannot be influenced by the treatment or a specific covariate. To test this assumption, we examined our data for any systematic responses along the treatment assignments(1). Second, exchangeability is assumed in the RD design. This assumption holds when there is a similarity in characteristics and no sorting around threshold (3). Variability in the distribution of covariates for individuals by treatment assignment can be removed by analyzing only the individuals closest to the threshold in the RD analysis. The third assumption is the continuity of conditional regression functions. Meaning that treatment cannot be contaminated by other interventions at the cutoff point in a way that triggers or affects treatment assignment (4,5) Therefore, potential outcomes must remain continuous at our threshold.
In general, it is difficult to fully satisfy the assumptions of GRD using data alone. However, historical evidence, such as the work of Hillier (2005), provides insights into the creation and design of the Home Owners’ Loan Corporation (HOLC) security maps and their lack of adherence to administrative boundaries, such as census tracts (6). Furthermore, historical accounts suggest that these maps were selectively shared among agencies responsible for loan allocation, further diminishing the likelihood that families would have knowledge about the maps and manipulated their home location to influence their treatment assignment (7).
[bookmark: _Hlk150958839]Additionally, the maps have undergone several revisions, indicating that identifying precise neighborhood regions for security maps was challenging (6). While two studies have rigorously examined the continuity assumption by identifying discontinuities related to neighborhood and resident characteristics for red-yellow borders (8,9), 144,170 there is still a need for further assessment. Therefore, we created regional comparison maps for the purpose of falsification and validation tests. While the literature suggests that HOLC security maps meet most of the assumptions for a GRD design (8–10), our analysis seeks to provide further insights into the validity of these assumptions. 
We conducted falsification tests to assess the plausibility of our assumptions and validity of our GRD design methods. These tests include balance tests of predetermined covariates, density tests, and bandwidth sensitivity approaches. We evaluated the distribution of predetermined grandparent neighborhood characteristics for the treatment and control groups to determine whether they were similar before treatment assignment (2,11). We rejected the null hypothesis if the mean distribution of the observed covariates was not the same, indicating that our predetermined covariates were not comparable before treatment assignment (12).
To assess this assumption, we conducted predetermined covariate balance tests on 1940 census neighborhood characteristics (Table 4 in the main paper) because the HOLC maps were initially implemented in the late 1930s and the 1940s. We also carried out this test through 1950 and 1960, and the results are shown below.  
 A density test aims to determine whether a score is continuous at the cut-off point (13). Using a density test, one would anticipate observing some type of clustering if individuals could manipulate their treatment assignment. The McCrary density test examines whether there is a jump in the threshold mark that might indicate some type of sorting occurring at or around the threshold (14–16). The results from our density test can be found in the main paper (Table 5 and Figure 5). A final validation test was used to assess our bandwidth selection by conducting multiple sensitivity tests with bandwidth windows of various sizes to assess the effects of our outcome (2). Applying spatial techniques to a regression discontinuity design provides an opportunity to operationalize structural racism using HOLC discriminatory security maps. This approach is not without its limitations, and we carefully considered our assumptions, estimation procedures, and falsification tests to determine the credibility and interpretation of our findings.
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	Supplemental - Table S1. Continuity-based RD Analysis: effect of redlining on average wealth of third-generation households adjusted for family size using covariate-adjusted local polynomial regression

	
	
	
	Robust Inference
	
	
	

	N=173
	RD Estimator ($)
	MSE-Optimal Bandwidth [meters]
	95% CIrbc
	SE
	p-value
	CER-Optimal Bandwidth [meters]
	Nl
	Nr

	Outcome: Wealth (mean) adjusted for family size
	
	
	
	
	
	

	Model 1a
	-48901
	928.26
	[-121826, -4826]
	29847.4
	0.034**
	768.24
	22
	89

	Model 2a
	-44298
	922.39
	[-114190, -4117]
	28080.1
	0.035**
	763.39
	22
	89

	Model 3a
	-41824
	1026.73
	[-108972, -3531]
	26898.8
	0.037**
	849.73
	22
	95

	Model 4a
	-10264
	487.72
	[-3945129, -3149511]
	202968
	<0.001***
	539.34
	12
	73

	Discrete analysis using cluster standard errors; bandwidth is the distance (in meters) from yellow/red border to grandparent's census block; adjusted models: 2a - age, year, 3a - age, year, gender, 4a - age, year, gender, race; all models use a first-degree polynomial; Nl - (left), Nr - (right) indicate the effective number of observations within the MSE-bandwidth used for estimation; wealth is rounded to the nearest whole dollar. 
*p < 0.10, **p < 0.05, ***p < 0.01


	Supplemental - Table S2. Continuity-based RD Analysis: effect of redlining on grandchildren's average household wealth using covariate-adjusted local polynomial regression

	Race-Stratified Models
	
	Robust Inference
	
	
	

	N=173
	RD Estimator ($)
	MSE-Optimal Bandwidth [meters]
	95% CIrbc
	SE
	p-value
	CER-Optimal Bandwidth [meters]
	Nl
	Nr

	Outcome: Wealth (mean)
	
	
	
	
	
	
	

	Persons of Color
	
	
	
	
	
	
	

	Model 1a
	-10814
	584.20
	[-53195, 48820]
	26205
	0.933
	487.05
	13
	87

	Model 2a 
	-18552
	582.48
	[-56060, 44925]
	25762
	0.829
	485.61
	13
	87

	Model 3a 
	-20525
	588.66
	[-56460, 44210]
	25681
	0.811
	490.77
	13
	87

	
	
	
	
	
	
	
	
	

	Non-Hispanic White
	
	
	
	
	
	
	

	Model 1a
	-8386
	712.70
	[-160335, 140615]
	76774
	0.898
	620.44
	15
	17

	Model 2a
	-149279
	709.62
	[-332075, -65523]
	67999
	0.003***
	617.76
	15
	17

	Model 3a
	-141464
	736.09
	[-315614, -50386]
	67661
	0.007***
	640.80
	15
	17

	Discrete analysis using cluster standard errors; bandwidth is the distance (in meters) from yellow/red border to grandparent's census block; adjusted models: 2a - age, year, 3a - age, year, gender, 4a - age, year, gender, race; all models use a first-degree polynomial; Nl - (left), Nr - (right) indicate the effective number of observations within the MSE-bandwidth used for estimation; wealth is rounded to the nearest whole dollar and expressed in 2019 dollars. 
*p < 0.10, **p < 0.05, ***p < 0.01












	Supplemental - Table S3. Continuity-based RD Analysis: effect of redlining on the highest bmi in third-generation adults using covariate-adjusted local polynomial regression

	Race-Stratified Models
	
	Robust Inference
	
	
	

	N=165
	RD Estimator
	MSE-Optimal Bandwidth [meters]
	95% CIrbc
	SE
	p-value
	CER-Optimal Bandwidth [meters]
	Nl
	Nr

	Outcome: Highest Body Mass Index
	
	
	
	
	
	

	Persons of Color
	
	
	
	
	
	
	

	Model 1b
	0.51
	640.45
	[-12.57, 15.66]
	7.20
	0.83
	533.94
	11
	84

	Model 2b
	0.34
	636.85
	[-13.63, 15.19]
	7.35
	0.915
	530.94
	11
	84

	Model 3b
	2.12
	656.61
	[-11.37, 17.15]
	7.28
	0.691
	547.42
	11
	84

	Non-Hispanic White
	
	
	
	
	
	
	

	Model 1b
	-5.25
	759.17
	[-7.49, -3.52]
	1.01
	<0.001***
	665.32
	13
	14

	Model 2b
	-8.28
	816.41
	[3.58, 6.515]
	1.49
	<0.001***
	715.49
	13
	14

	Model 3b
	-8.46
	776.95
	[-0.14, 3.119]
	1.41
	<0.001***
	680.91
	13
	14

	Discrete analysis using cluster standard errors; bandwidth is the distance (in meters) from yellow/red border to grandparent's census block; adjusted models: 2a - age, year, 3a - age, year, gender, 4a - age, year, gender, race; all models use a first-degree polynomial; Nl - (left), Nr - (right) indicate the effective number of observations within the MSE-bandwidth used for estimation; we used different bandwidth methods for estimation and inference, coupled with the small sample size, thus sometimes the CIrbc did not actually include the estimator in our race-based analysis. 
*p < 0.10, **p < 0.05, ***p < 0.01












	Supplemental - Table S4. Continuity-based RD Analysis: predetermined census 1950 covariates using local polynomial regression

	
	
	
	Robust Inference
	
	

	Covariates
	Coefficient
	CER-Optimal Bandwidth [meters]
	95% CIrbc
	SE
	p
	Nl
	Nr

	Total Occupied Dwelling Units/m2
	0.00
	572.697
	[0.00, 0.004]
	0.00
	0.257
	57
	83

	Total Population/m2
	0.003
	585.037
	[-0.004, 0.011]
	0.00
	0.319
	57
	85

	White Population
	-0.057
	476.372
	[-0.204, 0.116]
	0.08
	0.59
	54
	77

	"Negro" Population
	0.06
	473.239
	[-0.12, 0.205]
	0.08
	0.58
	53
	77

	Homeownership Rate
	-0.01
	401.794
	[-0.13, 0.143]
	0.07
	0.94
	46
	73

	Median Home Value
	-2706.65
	833.966
	[-5731, -211]
	1408.14
	0.035**
	67
	107

	Male Employment Rate
	-0.02
	523.756
	[-0.04, 0]
	0.01
	0.048**
	56
	81

	Male High School Completion Rate
	-0.02
	452.796
	[ -0.05, 0.014]
	0.02
	0.291
	53
	76

	Vacancy Rate
	0.00
	633.668
	[-0.01, 0.014]
	0.01
	0.4
	59
	87

	Discrete analysis using cluster standard errors; all models use first-degree polynomial; median home value is rounded to the nearest whole dollar. 
*p < 0.10, **p < 0.05, ***p < 0.01



	Supplemental - Table S5. Continuity-based RD Analysis: predetermined census 1960 covariates using local polynomial regression

	
	
	
	 Robust Inference
	
	

	Covariates
	Coefficient
	CER-Optimal Bandwidth [meters]
	95% CIrbc
	SE
	p
	Nl
	Nr

	Total Occupied Dwelling Units/m2
	0
	604.663
	[-0.001, 0.004]
	0.001
	0.373
	60
	96

	Total Population/m2
	0.003
	577.162
	[-0.003, 0.009]
	0.003
	0.365
	60
	95

	White Population
	-0.076
	426.355
	[-0.264, 0.116]
	0.097
	0.447
	50
	83

	"Negro" Population
	-690.22
	389.793
	[-2583.12, 1030.216]
	921.79
	0.4
	46
	81

	Homeownership Rate
	0.15
	470.267
	[-0.449, 0.686]
	0.29
	0.682
	56
	86

	Home Value $35k +
	-0.9
	593.693
	[-17.44, 14.01]
	8.021
	0.831
	60
	96

	Male Employment Rate
	0.01
	535.49
	[-0.01, 0.03]
	0.011
	0.419
	59
	91

	Male High School Completion Rate
	-208.24
	385.941
	[-436.35, -12.14]
	108.22
	0.038**
	45
	78

	Vacancy Rate
	0
	408.429
	[-0.01, 0.02]
	0.007
	0.542
	49
	83

	Discrete analysis using cluster standard errors; all models use first-degree polynomial. 
*p < 0.10, **p < 0.05, ***p < 0.01



