Supplementary Note 1. Detailed description of analytic approach and model selection 
First, 11 digital technologies access questions and 32 health use questions were identified (estimates of digital technology access and use are available upon request). We recoded each access and use question into three-level variables: 1= yes (respondent had access to requisite technologies or engaged in behavior), 0= no/don’t know, and -1= missing (i.e., question was asked but left blank or invalidly answered, question omitted from survey instrument) (Supplementary Table 1). We incorporated the built-in survey skip logic and filter questions in our coding scheme by coding skipped variables as either 0 or -1 consistent with the filter questions. For example, respondents in 2018 were asked “Have you ever been offered online access to your medical records by your health care provider or health insurer?” This question was used as a skip logic filter for subsequent questions about EHR use (e.g., “How many times did you access your online medical record in the last 12 months?”). Respondents were instructed to skip subsequent questions if they answered “No” or “Don’t know,” or if they left the filter question blank. If a respondent answered “No” or “Don’t know,” we coded subsequent EHR use questions as 0; if a respondent left the filter question blank, we coded EHR use questions as -1.
Supplementary Table 1: Coding scheme for individual access and health use questions
	Value
	Definition

	1 
	Question answered positively (e.g., “Yes”, “1+ times in the past 12 months”)

	0 
	Question answered negatively (e.g., “No”, “Don’t know”, “0 times in the past 12 months”) 
or negative as a logical consequence of the response to a preceding skip logic filter question

	-1 
	Information missing (i.e., question was asked but left blank or invalidly answered, not asked that year, or not asked because of skip logic without logical consequence for the variable of interest)



We then used these three-level variables to create ternary indicators that were used in the latent class analysis (Supplementary Table 2) where 2= respondent had access to requisite technologies and engaged in the behavior, 1= respondent had access to requisite technologies but did not engage in the behavior, and 0= respondent did not have access to requisite technologies and did not engage in the behavior. We used AND and OR Boolean operators to appropriately code access if a behavior required access to either multiple digital technologies (e.g., searching for health information online requires access to the internet and an internet-capable device) or to at least one of many technologies (e.g., texting a provider requires access to a smartphone, tablet, or basic cell phone). Indicators were coded as missing (-1) whenever the access and behavior information produced a contradiction (i.e., respondent did not have access to requisite technologies but engaged in behavior) or there was not enough information (i.e., access and/or behavior response was missing).
Supplementary Table 2: Coding scheme for three-level indicators of combined access and health use
	
	
	Use

	
	
	1
	0
	-1

	Access
	1
	2
	1
	-1

	
	0
	-1
	0
	-1

	
	-1
	-1
	-1
	-1


Note: Values of -1 were considered NA in the LCA and were handled with full information maximum likelihood
Second, in Mplus, we ran a latent class analysis on 32 indicators, without covariates, for models with 1 to 20 classes, using the overall sample weights. We compared fit statistics and interpretability of the models with differing numbers of classes, ultimately selecting the 10-class model. The selection of the 10-class model was guided by the study aims, interpretability of the classes, fit indices, and statistical benchmarks. Model fit statistics of the 1- to 20-class models showed that each increase in the number of classes produced a better fitting model, as indicated by progressively lower information criteria values and statistically significant VLMR-LRTs (all p<0.001). All models maintained high entropy (>0.87) (Supplementary Figure 1). 
Models with fewer than 4 latent classes produced classes distinguishable only by access patterns to digital technologies, leaving out health use patterns. Models with between 4 and 7 classes produced two classes distinguishable by health use patterns, with all other classes differing by access patterns only. Models with 11 or more classes produced fine-grained health use patterns within distinct patterns of access, making interpretation of these patterns more difficult. 
For latent class models with ≥7 classes, classes 1-4 (as seen in our results) appeared consistently (class 4 is further divided for models with ≥15 classes). The LCA consistently separated remaining classes into three broad patterns: access to internet and smart mobile devices but not EHRs; access to internet, smart mobile devices, and EHRs but without EHR use; and access to internet, smart mobile devices, and EHRs with EHR use. These three broad patterns either stood as whole classes (e.g., in the 7-class model) or were further divided in models with more >7classes. Ultimately, we selected the 10-class model, which consisted of classes with some commonalities in digital technology access but also distinguishable by differences in access and health use. The 10-class model includes the first 4 robust classes, as well as two classes for each of the three aforementioned broad patterns.
The 10 classes can be understood in terms of the conditional probabilities of each health behavior indicator. In other words, classes reflected the likelihood that a member of a given class used a certain technology for the indicated behavior, had access to the requisite technologies but did not engage in the behavior, or lacked access in some way.
Supplementary Figure 1. Model fit information and selection criteria for latent class models with 1 to 20 classes
	Information criteria
	Model entropy
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Third, we re-ran the LCA for 10 classes with overall sample weights, this time also performing latent class regression of covariates via the R3STEP procedure in Mplus.
Fourth, we ran the latent class regression for 10 classes with each set of replicate weights, again using the R3STEP procedure in Mplus. To ensure that model identification matched between all replicate runs, we used the model parameters resulting from the 10-class LCA model as the starting values for the replicate models. This ensured that class labels did not switch between runs (e.g., ensured that Class 1 for each replicate analysis corresponded to Class 1 of the overall weights analysis).
Finally, using R, we used the results from the latent class regression from the overall sample weights model and all 200 of the replicate weights models to calculate the following for each multinomial logistic regression odds ratio:
a. Standard error of the log odds ratio:

where .98 is our jackknife coefficient,  is the log odds ratio from the model with overall sample weights, and  is the log odds ratio from the model with the rth set of replicate weights.
i. In R, this looks like:
LogOR_SE = sqrt(jackknife_coefficient * rowSums(across(starts_with("Est") & !ends_with("_0"), ~ (.x - Est_0)^2)))
where Est_0 = , Est_1 = , Est_2 = , etc.
b. From these standard errors, we calculated the upper and lower bounds of the 95% confidence interval for the log odds ratio:

c. And from these, we exponentiated to get the odds ratio and the lower and upper bounds of the 95% confidence interval:


d. This analysis followed the 3-step approach to latent class analysis with regression of covariates, as described initially by Vermunt 201048 and implemented in Mplus via the R3STEP procedure.50 Because Mplus has not implemented the use of replicate weights for a latent class analysis, we implemented the calculation of standard errors manually after personal communication with an Mplus statistician, following the formulae outlined in Mplus53 and HINTS45 documentation for complex survey data. Mplus and R code are available upon request.
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