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PREFACE 

Coming into graduate school, I was fascinated by health technology and how it was leveraged at the time (the summer of 

2018). I was interested in the economics of wearable technology, and had begun to formulate the question of whether they 

work, and if so, for whom. Health inequity was top of mind as I begun to think through this question, as I created a 

hypothesis that wearables only benefit those healthy at baseline, while not being as useful for those with relatively worse 

health status. While I couldn’t formulate it, this begun my interest in the “Digital Divide”, a guiding concept for this 

dissertation’s final chapter.  

Upon arrival to Brown it became quickly apparent, as it does to many new doctoral students, that data may not be readily 

available to answer my research question. I remained interested in health IT, but begun to reconsider the ways in which I 

could operationalize this using available data. The moderate rise of virtual care interested me but, outside of behavioral 

health, it wasn’t often leveraged outside of isolated clinical trials. This changed during the spring of my second year, with 

the onset of the global COVID-19 pandemic. I remember each minute of the 12-hour drive home from Providence to 

Chicago, stopping only for gas. While we were re-calibrating to learning, teaching, and researching remotely, millions of 

Americans began using telemedicine and patient portals to manage their health. It is hard to describe how it felt to learn, 

teach, and do public health in this moment, as I begun to see the importance of my research interests in real time. 

Due to some incredible luck, I was able to find mentors who are leaders in their fields, and at the helm of administering 

and researching virtual care in multiple states. Their guidance helped me narrow my research question, and gave me 

access to data that could get at the questions that had fascinated me for years. Telemedicine and patient portal use has 

increased dramatically since March of 2020, and both appear to remain important components of patients’ care 

management. Understanding the optimal use of these technologies involves finding out what types of care can be best 

administered virtually, and for whom it will most benefit. These are complex questions, and I count myself grateful to be 

in a position to contribute my research to such an important question. 
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Abstract of “Estimating the Effects of Virtual Care Usage on Health, Care Utilization, Costs, and Racial 

Disparities”, by Nicholas Woodson Jones, Ph.D., Brown University, February 2024  

While virtual care had been growing in capability and use in preceding years, the onset of COVID-19 greatly accelerated 

these trends. Telemedicine and patient portals possess the potential to improve care management but concerns persist as to 

their effectiveness as complements and substitutes to in-person care.  

This dissertation uses data from Medicaid administrative claims, an Electronic Health Record, and a statewide Health 

Information Exchange (HIE) to understand how COVID-19 (and the ensuing rise in virtual care use), influenced care 

utilization, health status, care costs, and racial disparities in health and healthcare.  

Chapter 1 uses administrative claims data from a large Massachusetts Medicaid ACO to understand how FQHC-level 

telemedicine use affects care engagement, costs, and health quality amongst Federally Qualified Health Center (FQHC) 

patients with multiple chronic conditions. Chapter 2 uses data from Rhode Island’s HIE to investigate the relationship 

between patient-level patient portal usage and care engagement and health quality amongst Rhode Island patients. Given 

the inequities in virtual care access and use, disparities in outcomes may widen with increased overall adoption (an 

occurrence known as “The Digital Divide”). Thus, Chapter 3 uses both aforementioned datasets to understand how these 

policies differentially affect racial sub-groups. To investigate these relationships, this dissertation leverages a variety of 

econometric techniques including Difference-in-Differences (Chapters 1 & 2), and Triple Difference (Chapter 3) models. 

Ultimately, these chapters find that increased usage of these technologies led to increased care engagement while not 

negatively affecting health and direct health care costs. Further, equity-driven virtual care rollout did not widen racial 

disparities, but target initiatives may be required to ensure marginalized groups have equal access to these technologies.  

While the emergent COVID-19 threat has lessened, virtual care has demonstrated staying power. Understanding the types 

of care that can be administered remotely is crucial for policymakers, payers, providers, and patients as they figure out 

virtual care’s ongoing role in the US health landscape.  
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CHAPTER 1: Quantifying the Effects of Increased Telemedicine Availability on Utilization, Measure Quality, and Cost 

amongst Multimorbid Federally Qualified Health Center Patients 

 

INTRODUCTION 

Telemedicine, two-way synchronous virtual (video and audio) clinical services between patient and provider, has been 

used in its current form for approximately three decades (1). Telemedicine (and telehealth, a broader term inclusive of 

non-clinical services) has historically been more likely to be used by certain groups (younger patients, those with higher 

levels of internet access, and those with fewer barriers to receiving in-person care) (2). Even amongst patients from 

largely underserved backgrounds, telehealth use was more likely to be used by patients in rural areas and for those 

accessing mental health care (3). These differential levels of usage can be attributed to these structural and patient-level 

factors, but providers have also had an influence on telehealth adoption. Specifically, provider telehealth use is tied 

significantly to the ease and level of reimbursement linked to virtual visits (3). In the aggregate, lack of reimbursement, 

training, and resources limited telehealth adoption in its early years.  

 

While voluntary uptake remained relatively low through the 2010s, researchers began conducting randomized control 

trials to assess the efficacy of virtual visits. These studies did not focus on determinants of usage but helped demonstrate 

efficacy in various situations. Many of these studies focused on patients with diabetes, and have tended to find a positive 

effect of telemedicine on various aspects of disease management, including “adherence to blood glucose monitoring, day-

to-day decision-making related to self-care, and adherence with medications” (4). Conceptually, we believe that 

telemedicine leads to these outcome changes through the lowering of barriers traditionally associated with in-person care. 

In this framework, reducing transportation time and costs and allowing for more scheduling flexibility allows for patients 

to focus more on disease management and less on the administrative tasks that accompany in-person care. Further, given 
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the structural barriers imposed on marginalized populations that make these tasks more difficult to complete, the potential 

benefits should be even greater for underserved patients (provided both groups use the technology equally). The 

disparities in telehealth use, however, could contribute to a widening racial disparities in utilization, health, and costs (5-

11). This worrying disparity in access to and use of technology has been referred to as the “digital divide”, and has been 

studied as technological capabilities continue to advance in care delivery (6, 7, 12-15). Research has shown that key 

underserved populations (including Medicaid, low-income, and rural populations) experienced significantly lower 

telehealth usage (16). This appeared to change, however, with COVID-19 onset as virtual consultations became more 

necessary. 

 

Over the period of 2020-2023, telemedicine usage increased considerably, spurred by the COVID-19 pandemic and aided 

by growing investments technological infrastructure and capabilities. Policies at the federal and state level continue to 

encourage these trends. For Medicaid specifically, this included expanding the population eligible to use telehealth, 

allowing for telehealth reimbursement to be covered at parity with in-person visits, expanding technological capacities via 

grant resources, training support, and technical assistance, and broadening provider types that are permitted to deliver 

virtual care (17). Increased pandemic telehealth access has been associated with increased primary care visits at a lower 

per-visit cost (18). Recent research in practice-level telehealth use, however, has shown mixed effects on quality of care 

measures (19-22). Given these trends, understanding how increased access and usage affects the health of marginalized 

populations and attributed expenditures is an important extension of the current knowledge base, particularly as federal 

payers consider how to continue reimbursing these services.  

 

An important underserved population that hasn’t received extensive attention in the literature, despite being positioned to 

potentially disproportionately benefit from telehealth, is low-income, multimorbid patients. People with multimorbidity 

possess at least 2 chronic conditions, and they constitute a growing proportion of US adults. As of 2018, 27% of adults 

had at least 2 chronic conditions (23). Further, amongst subgroups, those with public insurance and those living in rural 

areas constituted higher than average multimorbidity prevalence (23). This group also constitutes a significantly high-need 

and high-cost cohort, as prior research states that the cost and health effects of multimorbidity is multiplicative rather than 

additive (24, 25). Such a population could conceivably benefit from remote care, and could ostensibly provide valuable 
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cost savings. These patients are likely to be care high-utilizers, which bears significant costs and inconvenience. Any 

ability to move care virtually without harming health or costs may benefit patients, providers and payers. 

 

This directly applies to the multimorbid cohort of patients diagnosed with Diabetes Mellitus, Hypertension, and 

Hyperlipidemia (DHH). Successful chronic condition management depends on medication adherence, health-conscious 

decisions, and communication with health care providers. Patients with DHH require numerous medications, frequent 

interactions with providers, and self-monitoring of clinical biomarkers to ensure they are within a healthy range. 

Telemedicine, in theory, addresses these issues in a low-touch environment. A considerable body of research analyses 

relationships between telemedicine access and usage for chronic disease patients on a variety of outcomes related to 

quality, costs, and patient/provider satisfaction. Focusing on Diabetes and Hypertension in particular, studies have found 

that telemedicine aids in disease management and satisfies patients and providers (4, 26-39). Further, during the COVID-

19 pandemic, early research has shown telemedicine to be a sufficient replacement to in-person care for patients with 

chronic diseases (30, 40). While this research exists for patients with individual chronic conditions, telemedicine’s effects 

of patients with multiple chronic conditions remains under-studied. This research aims to address these important 

questions. 

 

The shift to telemedicine holds significant promise for Federally Qualified Health Center (FQHC) patients. FQHCs often 

serve typically-underserved patients, and serve as the nexus of care coordination. FQHC providers provided needed access 

to a variety of providers, benefitting patients with multiple chronic conditions. Improving patient engagement at the 

FQHC-level holds promise to improve care engagement across all providers. Further, while telemedicine access and 

determinants of use in FQHCs have been studied, understanding effects on downstream outcomes and costs is relatively 

sparse.  Massachusetts (MA) offers a great research setting to fill in knowledge gaps. In 2019, only 8% of Federally 

Qualified Health Centers (FQHCs) in Massachusetts (MA) were using telemedicine to deliver primary care or chronic 

disease management services remotely to patients (41). The onset of the COVID-19 pandemic, however, necessitated that 

providers and patients embrace various remote care modalities, including telemedicine, to enable continued access to care. 

By the end of 2020, 100% of MA FQHCs delivered at least some primary care or chronic disease care virtually via 
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telemedicine. Our objective was to assess how FQHC-level telemedicine use affected quality of care and direct health care 

costs for low-income patients with DHH in MA. 

 

Methods 

Data 

We used uses data from Community Care Cooperative (C3)—the largest FQHC-based Medicaid Accountable Care 

Organization (ACO) in the US, which implemented an innovative and equity-driven telemedicine delivery model during 

the COVID-19 pandemic (42). Using on grant funding and donations, C3 expanded telehealth activity by expanding 

access to hardware and software, covered IT support, and helped meet the increased telehealth demand from COVID 

onset onwards (42). As of 2021, C3 was comprised of 18 FQHCs. Collectively, these 18 centers serve over 400,000 

patients in Massachusetts (150,000 of which are Medicaid beneficiaries), and are committed to addressing a full range of 

medical, behavioral, and social needs. Our dataset ranges from 2018 to 2021, containing both Electronic Health Record 

(EHR) data and Medicaid claims data. From these data, we observe detailed demographic information, health care 

utilization and attributed costs, and measures of health care quality at the patient/month level. 

 

Sample 

To be included in our study, we required that patients were attributed to one of 16 of the C3 FQHCs (as defined by the 

patient receiving the plurality of their care at a clinic). We further excluded patients without evidence of visiting the 

FQHC in the prior 24 months as of month m, even if otherwise attributed to the FQHC. Two FQHCs did not see 

significant virtual visit volume and had some data abnormalities and were thus excluded from these analyses. Further, we 

required each patient to have a diagnosis of diabetes, hypertension, and hyperlipidemia, as determined by claims-level 

diagnostic data (i.e. one inpatient claim or two or more other claims with a diagnosis). Finally, we required patients to be 

non-elderly adults (between 18-64 years old), with at least one in-person visit to a C3 FQHC in both the pre-period 

(March 2018 – February 2020) and the post-period (April 2020 – December 2021). We exclude March of 2020 because 

this month, as this was where COVID cases began to increase dramatically, and health systems spent the month 

transitioning to virtual care. To ensure that insurance coverage is consistent throughout the sample, only months when the 

patient was enrolled in Medicaid (i.e. MassHealth) were included. 
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Treatment Definition 

While all FQHCs in C3 operate under their equity-driven framework, each center transitioned to virtual care to varying 

degrees. For this research, we used the exogenous variation that comes with different FQHCs telemedicine adoption levels 

after March of 2020. To define treatment, we examined the proportion of medical care visits delivered by telemedicine 

after COVID-19 onset (i.e. from April 2020 – December 2021) at each FQHC. We grouped FQHCs into three distinct 

categories, low telemedicine (LT) (29-34% of all visits delivered via telemedicine, mean=32.8%), medium telemedicine 

(MT) (42-57% of all visits delivered via telemedicine, mean=51%), and high telemedicine (HT) (73-75% of all visits 

delivered via telemedicine, mean=73.8%). Patients were then assigned to a treatment group based on the FQHC to which 

they were attributed. In other words, treatment assignment was made at the FQHC level, rather than the patient level. This 

minimizes the role of patient selection into telehealth versus in-person care, where the availability of telehealth at an 

FQHC is predictive of a patient’s likelihood of using telehealth but does not affect their selection of that FQHC as their 

place of care (as FQHC attribution was done prior to telehealth implementation). Telemedicine visits are defined via place 

of service and Current Procedural Terminology codes, with the exact definition listed in the appendix (Table 1.A1) 

 

Outcomes 

Our primary outcomes included care utilization and cost. Utilization outcomes included number of FQHC visits (in-

person and total). Additional utilization outcomes included outpatient visits (non-FQHC and total), inpatient admissions, 

and emergency department (ED) visits (excluding those that resulted in inpatient admission). We also examined costs 

(based on allowed amounts), which included inpatient costs, ED costs, outpatient costs, and total costs. 

 

Our secondary outcomes included measures related to recorded lab and vital data on monthly HbA1c and blood pressure 

values (systolic and diastolic). For all lab values, we used the minimum monthly values to best model valid lab results, 

excluding invalid measurements. Additional secondary outcomes focus on quality outcomes, specifically three Healthcare 

Effectiveness Data and Information Set (HEDIS) measures. These measures are binary outcomes, identifying whether a 

patient has had an annual retinal exam, demonstrated good blood pressure control (BP<140/90 mm Hg), and demonstrated 

poor blood glucose control (HbA1c>9.0%). 
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Statistical Analysis 

The unit of analysis was the patient month. To estimate the causal effects of FQHC-level telemedicine use, we use a 

difference-in-differences approach with linear models to examine changes in patient-level outcomes for patients with LT 

vs. MT or HT telemedicine usage before versus after rapid implementation of telemedicine. The strength of this design 

allows us to analyze treatment groups of different composition, provided the data satisfies the appropriate assumptions. 

Thus, even if FQHCs differ in their demographics, the validity of effect estimates remain. Binary outcomes use linear 

probability specifications, while non-binary outcomes use ordinary least squares specifications. The general functional 

form of these models is depicted below in equation (1), estimating outcome Y for individual i in month m attributed to 

FQHC f: 

 

(1)              𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽0 +  𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 +  𝛽𝛽2𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓 +  𝛽𝛽3𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓 +  𝛽𝛽4𝑋𝑋𝑖𝑖 +∝𝑚𝑚+ 𝛿𝛿𝑓𝑓 + 𝜀𝜀𝑖𝑖 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗 represents an observation occurring either before or after rapid implementation. 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑄𝑄𝑄𝑄𝑄𝑄𝑘𝑘 represents whether the 

observation is LT, MT, or HT-attributed patient. The parameter of interest (𝛽𝛽3) is an interaction between Post and 

TeleFQHC, or our difference-in-difference. This tells us the effect of being a patient of a MT or HT FQHC (compared to a 

LT FQHC) after COVID-19 onset on a patient’s health, care utilization, or cost paid by Medicaid. Additionally, models 

adjust for a patient-level covariate vector (𝑋𝑋𝑖𝑖), applied month (∝𝑚𝑚) and FQHC (𝛿𝛿𝑓𝑓) fixed effects, and used robust variance 

estimators. The covariate vector includes patient age, sex, race/ethnicity, preferred language, patient 5-digit zip code, and 

presence of one of 10 chronic conditions. Once a patient sees a diagnosis of a chronic condition, they maintain that 

diagnosis through the remainder of their observations. These types of models rely on the parallel-tends assumption, which 

requires that outcome trends of treatment and control groups must follow the same trajectory in the absence of treatment. 

To test this, we graphically depict unadjusted outcome figures to illustrate these trends and statistically model their 

differences. Additional assumptions rely on consistency, exogeneity, and positivity (43). There is no reason to suggest that 

observed treatment differs from counterfactual treatment, suggesting the consistency assumption is satisfied. Baseline 

levels of outcomes did not determine treatment assignment, suggesting the exogeniety assumption is satisfied. Each 
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FQHC had near-identical resources to incorporate telemedicine into their practices, suggesting the positivity mechanism is 

satisfied. 

 

Results  

Table 1.1 displays our sample’s demographics by treatment category. After applying our inclusion and exclusion criteria, 

our sample included 94,581 observations from 2,433 beneficiaries. These observations come from 16 FQHCs, which are 

separated into LT (3 FQHCs), MT (11 FQHCs), and HT (2 FQHCs). Approximately 85% of all patient-months are from 

patients attributed to a MT FQHC. Approximately 10% of patient-months are from patients attributed to a LT FQHC, with 

5% of patient-months attributed to a HT FQHC. Age is relatively consistent across treatment groups. In terms of sex, the 

HT group is more likely to be Male than the MT and LT groups. The MT group is less likely to be White (Non-Hispanic) 

and declare English as their primary language than both LT and HT groups. While most chronic condition flags were 

relatively consistent across groups, some (including COPD and MI) see more pronounced differences between treatment 

groups. As a whole, These patients, identified as having at least 3 chronic conditions (DHH), also have elevated incidence 

of other common chronic conditions compared to national estimates (44). We also conduct Pearson chi-squared tests with 

each categorical variable to determine that there is significant relationships between each variable and their attributed 

treatment group. From this, we determine that the categorical variables are significantly associated with treatment group at 

the 95% level. To see these patient demographics in aggregate, please refer to Table 1.A2 in the appendix. 

Figure 1.1 illustrates how the primary modality of FQHC visits changes throughout the sample period. Up until March of 

2020, there wasn’t any significant telemedicine use. This changes dramatically, when in-person visits drop severely 

(illustrate by the lines) as telemedicine visits (the dots) quickly become the primary modality. This persists for about a 

year, until in-person visits become the more common modality in early 2021. The spike in in-person visits around this 

time is likely attributed to COVID vaccine’s being made widely available during these months. Ultimately, the total 

number of visits (the bars) ultimately don’t see a drop-off due to telemedicine’s emergence.  

Figure 1.2 focuses on Total FQHC visits by treatment group. The months prior to COVID-19 onset show total visit 

volume being largely consistent between the three treatment groups. As the treatment group classification indicates, these 

diverge pretty sharply in March 2020. HT FQHCs see more total visits in the pandemic’s early months, as telemedicine 
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becomes the primary modality in each treatment group. The three treatment groups appear to converge in March 2021. 

For a FQHC-level breakdown of telemedicine visit proportion and treatment group categorization, please see Figure 1.A1 

and Table 1.A3 in the appendix. Further, to see Figure 2 depicted as a function of telemedicine visits, and in-person visits, 

please see Figure 1.A2. Here we observe that each group takes a different amount of time to see in-person visits return to 

the primary modality. This took approximately a year for MT FQHCs and 5 months for LT FQHCs. HT FQHCs saw 

telemedicine visits remain as the primary modality for the entire post-pandemic period. 

As previously mentioned, appropriate use of difference-in-differences methodology depends on how well the data satisfies 

the parallel trends assumption. To show that this is not a concern, we present three additional sets of adjusted outcome 

figures. Figures 1.3a-1.3f display outcome trends for our other utilization outcomes (aside from the FQHC visits described 

in the previous paragraph. Figures 1.4a-1.4e display trends for our cost outcomes. Figures 1.5a-1.5c display clinical 

biomarker outcomes, and Figures 1.6a-1.6c display HEDIS measure outcomes. While LT and HT outcome (blue and red 

lines, respectively) trends are more volatile due to sample size differences, they do move in concert with MT outcome 

(green line) trends. To further confirm this assumption, we estimate pre-trends and report the coefficients in Table 1.A4. 

We confirm these groups follow consistent trends for the entire sample period except for one (HEDIS: Retina, LT vs. 

MT). Interpretation of potential causal estimate will include this caveat.  

An additional caveat pertains to the FQHC total visit/in-person visit pre-trends. When using the entire sample period, we 

do find that these treatment groups follow slightly different trajectories. Further investigation proves that this is due to the 

first months of the data, which seem to diverge after approximately 9 months in Figure 2. When removing the first months 

from pre-trends models we find parallel trends. Further, running the difference-in-differences estimates with the full 

dataset and with the first 9 months excluded yield near-identical estimates. Thus, given these additional checks, we can 

confirm that FQHC assumptions are also valid, despite the trends seen in the early months of our sample.  

To view the model estimates for our coefficients of interest. Please see Tables 3-5. Unless otherwise stated, statistical 

significance is determined at the 95% level. Table 1.3 shows the coefficients of interest for the utilization outcomes. We 

see that after pandemic onset, HT patients see 0.25 fewer monthly in-person FQHC visits (CI: [-0.40,-0.09], p-

value=0.002) than LT patients. LT patients see 0.06 fewer monthly in-person FQHC visits at the 90% level (CI: [-0.12,-

0.002], p-value: 0.089). Despite fewer in person visits, both MT and HT patients see increased overall FQHC engagement 
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by 0.14 (CI: [0.07, 0.20], p-value < 0.001) and 0.16 (90% significance, CI: [0.02, 0.30], p-value=0.054) monthly visits, 

respectively.  

Table 1.4 shows the coefficients of interest for the cost outcomes. We see that most cost estimates see no significant 

differences across most models, with the exception of ED costs and other costs. HT patients see $324 lower monthly ED 

costs than LT patients (CI: [-572,-75.6], p-value=0.01). HT patients also see $519 lower costs attributed to professional 

outpatient care than LT patients (CI: [-990,-48.6], p-value=0.03). 

Table 1.5 shows the coefficients of interest for the biomarker and HEDIS outcomes. We observe that HT patients see a 

0.96-unit increase in diastolic BP compared to LT patients (CI: [0.11,1.82], p-value=0.03). Both MT and HT patients see a 

lower probability of having controlled blood pressure than LT patients (4% (CI: [-0.07,-0.001], p-value=0.09) and 7% (CI: 

[-0.13,-0004], p-value=0.098), respectively) than LT patients at the 90% levels. 

Discussion 

These results collectively suggest that the higher levels of telemedicine adoption after COVID improved care engagement 

while not harming patients with DHH. Further, patient health amongst FQHC patients with DHH did not seem to 

significantly change based upon their attributed FQHC. While telemedicine has held promise for patients with chronic 

conditions in randomized control trials, research on its effects in observational studies had been scarce (45). With the 

pandemic creating the need for more virtual care, studies began to assess telemedicine’s effect in real-world settings. This 

research analyses the telemedicine use patterns of 16 Massachusetts FQHCs, serving high-need and underserved patients 

across the state.  

These FQHCs all belong to a state-wide Medicaid ACO, with a goal of improving health equity across Massachusetts. 

Our sample of people with DHH require active care management and routine patient/provider interaction. Thus, it is 

important to understand if those with a higher proportion of their care served virtually see differential levels of care 

engagement, health status, and attributed health care expenditures.  

FQHC visits transition from exclusively in-person to being largely virtual in March of 2020, which persisted for about a 

year. Considerable heterogeneity existed, however, in the level of adoption across centers. Perhaps unsurprisingly, those 

with a higher proportion of visits served virtually see telemedicine as the dominant visit modality for longer than other 
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FQHCs. Relatedly, it is important to understand whether visit volume is significantly different across treatment groups 

after pandemic onset. Since HT patients are estimated to have -0.25 fewer monthly in-person visits than LT patients, we 

can reasonably infer that HT patients were substituting some in-person visits with virtual visits. When looking at total 

visits, however, we do see that MT and HT patients (at the 90% level) observe higher monthly FQHC visits than LT 

patients. Ultimately it does seem like being a patient of a FQHC with a higher proportion of telemedicine use leads to 

improved FQHC care engagement, especially in the earlier months of the pandemic.  

When focusing on other forms of health care utilization, we do see that there doesn’t appear to be significant differences 

in adverse health events and corresponding utilization. Importantly, inpatient and emergency utilization are unchanged 

across treatment groups. Some of the primary concerns related to the emergence of telemedicine have been related to the 

level and intensity of care that may be leading to adverse events (22, 45-48). While more long-run effects of this shift may 

yield different conclusions, the 18 months following COVID onset did not see differential levels of adverse health events 

between the low and medium/high telemedicine FQHCs. Such findings support the assertion that needed shifts to virtual 

care do not necessarily influence adverse health events. Further, even without the need to shift care virtually due to a 

public health emergency, these results suggest that telemedicine is a viable alternative to in-person care for certain types 

of visits.  

With the increase in telemedicine use, research into its effects on health care costs for patients, providers, and payers is 

needed (26, 28, 46, 49, 50). While each coefficient of interest is negative, only two of which are significant. These models 

suggest that monthly ED costs and professional outpatient costs are lower for HT FQHC patients than LT FQHC patients. 

From a patient/payer perspective, this is promising as it suggests that if care needs to be transitioned to telemedicine, there 

will not be utilization-related cost increases, and there may even be cost savings. This is in addition to reductions in 

transportation costs and lost wages that may result from taking off work during business hours to receive in-person care. 

Future iterations of this research should prioritize factoring in these indirect costs, as well as the costs of scaling up 

telemedicine use (including increased internet connectivity, purchased devices, and training). Similarly, including certain 

costs borne by providers would also be valuable, including the costs of using these technologies, and the reimbursement 

involved with training providers.  

Within this cohort with multimorbid patients, estimating clinical biomarker measurements helps us understand how higher 

telemedicine use influences daily patient health status. We observed that MT patients see a 1-unit increase in diastolic 
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blood pressure over LT patients which, while statistically significant, is unlikely to be clinically significant. Each other 

coefficient of interest being statistically insignificant suggests that daily health status is largely unaffected by receiving a 

larger share of FQHC care via telemedicine. Within a high-need cohort that can strongly benefit from virtual care, this is a 

promising finding for those looking to manage chronic conditions. 

Similarly, HEDIS measures offer the ability to estimate the performance of these FQHCs, as well as how that 

performance affects patient health. While none of the coefficients of interest are significant at a 95% level, being a 

MT/HT patient corresponds with a lower probability of having controlled blood pressure (compared to a LT patient) at a 

90% level. While these estimates are concerning for FQHCs that adopt telemedicine, this may be due to HT patients being 

less likely to have documented measurements due to their increased virtual health care utilization. Unless they had some 

type of remote patient monitoring capability, the absence of a reading can be marked as not satisfying the criteria. Thus, 

the HEDIS models may not be accurately capturing health status. Coupled with the biomarker models, HEDIS estimates 

suggest that chronic disease management is not affected by increased telemedicine use.  

This research extends the current knowledge base in a couple ways. Previous research has found that primary care 

practices with high telehealth use observed higher rates of ambulatory care-sensitive conditions than low-use practices 

(22). Such studies focus on the beginnings of the shift to virtual care, and does not focus on an underserved patient 

population covered by public insurance. Such a population stands to especially experience telemedicine’s benefits, as it 

theoretically lowers cost, logistical, and transportation barriers to care for those with chronic conditions (51). Thus, our 

findings extend previous research to a new cohort with an extended outcome window. Further, this research fills a stated 

need for more research into the effect of telemedicine on health outcomes (10, 26, 45, 46, 51, 52). We extend this research 

further in chapter 3, as we analyze how these different levels of FQHC-level telemedicine use influence racial disparities 

in these outcomes. 

Such research provides valuable policy implications. Although COVID is formally no longer recognized as a public health 

emergency, health systems need to learn how to integrate appropriate telemedicine into routine care. Understanding the 

benefits (or lack of downsides) of telemedicine is crucial to the continued development of virtual care infrastructure. The 

past few years have shown that a significant proportion of patients were satisfied with virtual care and see use for it going 

forward (53, 54). Although many patients may prefer in-person care as a primary option, there is demonstrated benefit to 

offering virtual care, and this research supports this from a care engagement and quality perspective (54). Patients will 
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likely prefer in-person visits to virtual visits for certain care (yearly physicals, for example), but virtual care may be more 

desirable for more informal check-ups. As most outcomes do not appear to significantly change, types of visits that are 

preferred virtually should be encouraged and used more. Regardless of the availability of in-person visits, if patients 

prefer virtual care that doesn’t negatively affect health, it should be made accessible. Further, the results of our cost-

related models provide important evidence that increased telemedicine use did not contribute to care-related cost 

increases. While further research on additional cost outcomes is warranted to get the full picture from a cost-effectiveness 

perspective, this research helps inform the funding needs for these types of care pathways. 

Despite this, there are limitations to this work. First, natural segmentation of the three treatment groups led to the MT 

group having a significant majority of observations. While this doesn’t limit the research from observing certain 

significant results, having more LT and HT observations would help to quantify the true effect estimate. As telemedicine 

use continues to comprise a significant portion of claims, analyses on these topics will have more available data. Second, 

certain outcomes, particularly those related to clinical biomarkers, had fewer observations than the full dataset. A larger 

body of data may yield significant estimates, supporting the need for future research on long-run outcomes related to 

HbA1c and blood pressure management amongst high-need patients with Diabetes and Hypertension. Third, there may 

have been unobserved confounding that affected both FQHC-level telemedicine uptake and patient-level outcomes, 

leading to biased estimates. While certain provider-level characteristics may lead to such confounding, there isn’t reason 

to believe that the composition of physicians at each FQHC differ in a way that would lead to this bias. Fourth, these data 

only cover 2018-2021. More recent data will provide valuable insight on the lasting effects of these changes. Finally, 

while this is a comprehensive data set, it only captures information from one state’s ACO which could potentially limit 

external validity. 

Taken together, however, this research provides evidence supporting continued use of telemedicine for applicable types of 

care going forward. 

Conclusion 

Within a health equity-driven Medicaid ACO in Massachusetts, higher FQHC-level telemedicine uptake after COVID-19 

onset led to more care engagement, potentially lower health care costs, and unchanged health status among DHH patients. 

Such results suggest that telemedicine may be beneficial to patients with multimorbidity who experience barriers related 
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to in-person care. While many types of care require in-person visits, understanding how and when to use virtual care will 

warrant research.  
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Tables and Figures 

Table 1.1: Demographics across Treatment Category 

Demographic Low 

(n=10,084) 

Medium (n 

=80,172) 

High (n =4,325) 

Mean Age (SD) * 52.2 (8.2) 54 (7.8) 52.2 (9) 

Sex, N (%) * 
   

Female 5,225 (51.8) 42,845 (53.4) 1,193 (27.6) 

Male 4,859 (48.2) 37,327 (46.6) 3,132 (72.4) 

Race, N (%) * 
   

White, NH      5,370 (53.3) 20,709 (25.8) 2,272 (52.5) 

Black, NH 455 (4.5) 13,940 (17.4) 668 (15.5) 

Hispanic, any race 4,016 (39.8) 40,657 (50.7) 1,075 (24.9) 

Asian or PI, NH 58 (0.6) 2,328 (2.9) 192 (4.4) 

Other race 117 (1.2) 766 (1) 72 (1.7) 

>1 race 36 (0.4) 770 (1) 0 (0) 

Unknown 32 (0.3) 1,002 (1.3) 46 (1.1) 

Primary Language, N 

(%)* 

   

English 5,783 (57.4) 30,778 (38.4) 2,478 (57.3) 

Spanish 1,953 (19.4) 28,368 (35.4) 593 (13.7) 

Other Language 0 46 (0.06) 0 

Unknown 2,348 (23.3) 20,980 (26.2) 1,254 (29) 

Condition, N (%) * 
   

Mental Health History 8,096 (80.3) 60,417 (75.4) 3,356 (77.6) 

Substance Use History 5,168 (51.3) 35,226 (43.9) 2,194 (50.7) 

Asthma 3,154 (31.3) 26,222 (32.7) 1,080 (25) 
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Chronic Obstructive 

Pulmonary Disease 

3,002 (29.8) 19,924 (24.9) 556 (12.9) 

Cardiovascular Disease 3,685 (36.5) 29,255 (36.5) 1,540 (35.6) 

Ischemic Heart Disease 2,814 (27.9) 21,219 (26.5) 1,191 (27.5) 

Myocardial Infarction 500 (5) 6,266 (7.8) 422 (9.8) 

Atrial Fibrillation 575 (5.7) 5,115 (6.4) 353 (8.2) 

Cerebral Vascular Incident 831 (8.2) 8,139 (10.2) 266 (6.2) 

Heart Failure 1,162 (11.5) 10,419 (13) 569 (13.2) 

*= Categorical Variables are significantly associated with FQHC Treatment Group 

Figure 1.1: FQHC Visit Trends, by Sex and Modality 

 

Figure 1.2: FQHC Total Visit Trends, by Treatment Group 
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Figures 1.3a-1.3f: Adjusted Utilization Trends 

3a: FQHC In-Person Visits 

 

3b. FQHC Total Visits 
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3c. Non-FQHC Outpatient Visits 

 

3d: Total Outpatient Visits 
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3e: Emergency Visits 

 

3f: Inpatient Visits 
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Figures 1.4a-1.4e: Cost Trends 

4a: Outpatient Costs 

 

4b: Other Professional Outpatient Costs: 
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4c: Emergency Department Costs 

 

4d: Inpatient Costs 
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4e: Total Costs 

 

Figures 1.5a-1.5c: Biomarker Trends 

5a: Systolic BP 
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5b: Diastolic BP 

 

5c: HbA1c 

100

120

140

160

Bl
oo

d 
Pr

es
su

re

Jan 18 Jan 19 Jan 20 Jan 21

LT FQHC MT FQHC HT FQHC
Dashed Line Marks Beginning of MA COVID Outbreak

FQHC Level, DHH Patients Only
Estimated Systolic BP over Time by Telemedicine Exposure

50

60

70

80

90

100

Bl
oo

d 
PR

es
su

re

Jan 18 Jan 19 Jan 20 Jan 21

LT FQHC MT FQHC HT FQHC
Dashed Line Marks Beginning of MA COVID Outbreak

FQHC Level, DHH Patients Only
Estimated Diastolic BP over Time by Telemedicine Exposure



24 
 

 

Figures 1.6a-1.6c: HEDIS Trends 

6a: Annual Retina Exam 

 

6b: Blood Pressure Control 
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6c: Poor HbA1c Control 

 

Table 1.3: Utilization Regression Coefficients of Interest 
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**= Significant at 95% level, *=Significant at 90% level 

Table 1.4: Cost Regression Coefficients of Interest 

 

**= Significant at 95% level, *=Significant at 90% level 

Table 1.5: Biomarker and HEDIS Coefficients of Interest 
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**= Significant at 95% level, *=Significant at 90% level 
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Appendix: Tables and Figures 

Table 1.A1: Telemedicine Claims-Based Definition 

A Telemedicine visit is defined by any of the following codes: 

Place of service code Note 

02 Must be included on professional claims 

CPT Codes   

99441   

99442   

99443   

99201-99205 With modifier GT, 95, or V3 

99211 With modifier GT, 95, or V3 

99212 With modifier GT, 95, or V3 

99213 With modifier GT, 95, or V3 

99214 With modifier GT, 95, or V3 

99215 With modifier GT, 95, or V3 

 

Figure 1.A1: FQHC-level Telemedicine Visit Proportion 

 

0

.3

.6

.9

1.2

M
on

th
ly

 V
is

its

BNHC
CHC-F

CHCCC
CHCFC

CRCH
Dimock

EBNHC
EMK

FHCW
Fenway

HCHC
HHC

IHC
LCHC

NSCH
UCHC

Total Visits Telemedicine Visits Telemedicine Proportion

Post Period (DHH)
Visits by FQHC (person/month)



29 
 

Table 1.A2: (cohort demographics) 

Demographic Observations 

(n=94,581) 

Beneficiaries 

(n=2,433) 

FQHC-level Telemedicine Exposure 
  

Low 10,084 (10.7) 304 (12.5) 

Medium 80,172 (84.8) 2,019 (83) 

High 4,325 (4.6) 110 (4.5) 

Mean Age (SD) 53.7 (7.9) 52.3 (8.1) 

Sex, N (%) 
  

Female 49,263 (52.1) 1,256 (51.6) 

Male 45,318 (47.9) 1,177 (48.4) 

Race, N (%) 
  

White, NH      28,351 (30) 733 (30.1) 

Black, NH 15,063 (15.9) 391 (16.1) 

Hispanic, any race 45,748 (48.4) 1,163 (47.8) 

Asian or PI, NH 2,578 (2.7) 68 (2.8) 

Other race 955 (1) 23 (1) 

>1 race 806 (0.9) 22 (0.9) 

Unknown 1,080 (1.1) 33 (1.4) 

Primary Language, N (%) 
  

English 39,039 (41.3) 985 (40.9) 

Spanish 30,914 (32.7) 766 (31.5) 

Other Language 46 (0.1) 1 (0.04) 

Unknown 24,582 (26) 681 (28) 

Top 5 Zipcodes, N (%) 
  

01040 6,829 (7.2) 158 (6.5) 
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01902 6,378 (6.7) 160 (6.6) 

02301 4,869 (5.2) 125 (5.1) 

01610 3,700 (3.9) 92 (3.8) 

01420 3,440 (3.6) 107 (4.4) 

Condition, N (%) 
  

Mental Health History 71,869 (76) 1,824 (75) 

Substance Use History 42,590 (45) 1,080 (44.4) 

Asthma 30,456 (32.2) 752 (30.9) 

Chronic Obstructive Pulmonary Disease 23,482 (24.8) 581 (23.9) 

Cardiovascular Disease 34,480 (36.5) 870 (35.8) 

Ischemic Heart Disease 25,224 (26.7) 637 (26.2) 

Myocardial Infarction 7,188 (7.6) 179 (7.4) 

Atrial Fibrillation 6,043 (6.4) 156 (6.4) 

Cerebral Vascular Incident 9,236 (9.8) 234 (9.6) 

Heart Failure 12,150 (12.9) 304 (12.5) 

 

Table 1.A3: FQHC Telemedicine Group Categorization 

LT MT HT 

IHC EBNHC Fenway 

CHC-F HCHC NSCH 

CHCFC UCHC 
 

 
CRCH 

 

 
FHCW 

 

 
Dimock 

 

 
HHC 

 

 
EMK 
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Figure 1.A2: FQHC Visit Modality over Time 

 

Table 1.A4: Parallel Trends Estimates 
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Coefficient SE Z P-Value 

FQHC Total Visits / In Person 

Visits 

    

LT-MT 0.0022 0.0042 0.52 0.606 

LT-HT 0.0098 0.0075 1.32 0.187 

Outpatient Non FQHC 
    

LT-MT 0.0193 0.0124 1.56 0.118 

LT-HT 0.0092 0.0166 0.55 0.58 

Outpatient Total 
    

LT-MT -0.0257 0.0144 -1.79 0.074 
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LT-HT -0.0255 0.0257 -0.99 0.321 

Inpatient Visits 
    

LT-MT -0.0004 0.0006 -0.67 0.503 

LT-HT 0.0002 0.0008 0.25 0.805 

ED Visits 
    

LT-MT -0.0008 0.0021 -0.38 0.703 

LT-HT -0.0020 0.0029 -0.7 0.485 

Outpatient Costs 
    

LT-MT -14.95 17.79 -0.84 0.401 

LT-HT -32.00 24.83 -1.29 0.197 

Outpatient - Professional Costs 
    

LT-MT -17.16 18.30 -0.94 0.348 

LT-HT -33.51 25.49 -1.31 0.189 

Inpatient Costs 
    

LT-MT -12.97 17.43 -0.74 0.457 

LT-HT -22.96 24.34 -0.94 0.345 

Emergency Department Costs 
    

LT-MT 4.03 10.35 0.39 0.697 

LT-HT -16.73 14.46 -1.16 0.247 

Total Costs 
    

LT-MT -18.05 19.44 -0.93 0.353 

LT-HT -31.07 27.05 -1.15 0.251 

Min Systolic BP 
    

LT-MT 0.13 0.08 1.49 0.136 

LT-HT -0.01 0.12 -0.05 0.963 

Min Diastolic BP 
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LT-MT 0.01 0.05 0.22 0.825 

LT-HT -0.09 0.07 -1.2 0.232 

Min HbA1c 
    

LT-MT 0.021 0.013 1.64 0.1 

LT-HT 0.020 0.018 1.15 0.248 

HEDIS: Retina 
    

LT-MT 0.0054192* 0.001 4.31 0 

LT-HT -9.58E-04 0.002 -0.58 0.564 

HEDIS: BP 
    

LT-MT -2.12E-03 0.002 -1.41 0.16 

LT-HT -2.03E-03 0.002 -1.02 0.307 

HEDIS: HbA1c 
    

LT-MT -2.18E-03 0.002 -1.4 0.162 

LT-HT -4.35E-03 0.003 -1.57 0.116 
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CHAPTER 2: Quantifying the Effects of Increased Patient Portal Use on Health, Health Care Utilization, and 

Disparities amongst Rhode Island Residents 

Introduction  

Patient portals are web-based platforms that enable patients to access their medical records (including medical history, 

laboratory results, and prescribed medications)  (55). Portals can allow patients to schedule appointments, request 

prescription fills, and asynchronously chat with providers. Despite these capabilities, early investment in portals had been 

minimal until the passage of the HITECH Act in 2009. This piece of legislation directed 36.5 billion dollars towards 

modernizing United States’ Health Information Technology (IT) (56). This included helping organizations make personal 

electronic health data available to patients so they can receive “meaningful use” incentives payments (57). Such 

legislation spurred increased patient portal development and implementation. Around the same time, the Blue Button 

project was launched, which aimed to develop a simple way for patients to download personal health information (58). 

This project gained support from insurers, providers, and health IT companies (59).  

 

The passage of HITECH led to increases in both patient portal access and use (60). Empirical analyses showed that portal 

non-users “were more likely to be male, be on Medicaid, lack a regular provider, and have less than a college education, 

compared to users” (61). These patients, and non-White populations, were also less likely to report being offered access 

(61). Regarding patient outcomes, improved access and usage has been associated with increased shared decision-making, 

reduced medical errors, and improved selected health outcomes (62-71). Increased portal use, however, may also 

exacerbate health inequities, reinforcing the “digital divide” (12, 15, 55, 72). The “digital divide”, as described in chapter 

1, is a phenomenon where technology use is concentrated amongst healthier populations at baseline, contributing to 

widening disparities. If this effect is mitigated, chronically ill persons from underserved backgrounds stand to experience 

large benefits from portals (73).  
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Portal use witnessed considerable increases during the COVID-19 pandemic, which has persisted into the present (74). 

This trend may demonstrate the increasingly important role patient portals play in increasingly hybrid health care settings. 

In addition to portals being useful places to receive and understand COVID-19 test results, they also can facilitate virtual 

communication with providers, schedule appointments, and place prescription orders. As COVID-19 becomes less dire, 

the scope of patient portals will need continued evaluation. 

 

Specific focus on the influence of patient portals must be paid to patients with one or multiple chronic conditions 

(multimorbidity). As of 2018, 51.8% of non-institutionalized adults had been diagnosed with at least one chronic 

condition; 27% of adults were diagnosed with multiple conditions (23). Further, amongst subgroups, those with public 

insurance and those living in rural areas constituted higher than average multimorbidity prevalence (23). This group is 

also comprised of high-need and high-cost patients, as prior research states that the cost and health effects of 

multimorbidity is multiplicative rather than additive (24, 25). This population could potentially benefit from active portal 

use due to their conditions requiring frequent interaction with providers, medication adherence, and patient-level health 

literacy. Indeed, prior research has shown an increase in portal use amongst rural-dwelling patients with more chronic 

conditions (75). 

 

Relatively common conditions like Diabetes Mellitus, Hypertension, and Hyperlipidemia (DHH) can be better managed 

by adhering to these strategies. The current body of relevant research suggests that portals potentially helps these chronic 

populations, (73, 76-88) so focusing on a potential incremental relationship between portal use and health outcomes for 

this population is an important extension to the knowledge base. Ultimately, understanding how increased portal use 

influences outcomes, particularly after an exogenous health shock, is crucial to evaluating the successes and opportunities 

of current patient portal systems. Thus, our objective with this research was to assess how use of patient portals affected 

quality of care and health care costs for all patients, as well as for patients with Type II Diabetes. 

 

Methods 

Data 
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To answer these questions, this research uses data from CurrentCare, Rhode Island’s Health Information Exchange (HIE), 

managed by the Rhode Island Quality Institute. Current Care includes approximately half of the state’s nearly 1.1 million 

residents, including about 45 million patient visits. In addition to inpatient and outpatient visits, CurrentCare also includes 

90% of lab tests and prescription fills. Its data originate from primary care and specialty practices, community health 

centers, hospitals, long-term care facilities, and visiting nurse agencies. In addition to these data, CurrentCare also 

manages a patient portal, labeled CurrentCare for Me. While this portal doesn’t allow for real-time interaction with 

providers, patients can view recent test results, download their medical record, and send/receive messages from providers. 

The analytic data set for this research merges HIE data from a variety of sources, including visits, medications, and 

diagnosis files. Further, this research incorporates data on the total number of portal visits to each of the sub-sites within 

the portal. The list of sub-sites we track are listed in Table 2.A1 in the appendix. This research is the first documented use 

of Current Care for Me data. 

 

Sample 

To be included in the study, patients must have been adult (greater than 18 years old) CurrentCare enrollees with at least 

one outpatient visit between 2016 and 2019 and one outpatient visit between 2020 and 2022 to ensure our sample has a 

baseline level of care engagement. Further, these patients must have a documented Rhode Island home zip code, and have 

visited a provider practicing at a Rhode Island health care facility. In order to fully capture a patient’s chronic disease 

burden, only those with non-missing diagnosis or problem data were included. 

 

Treatment Definition 

Our treatment group can be defined as people who have documented portal views. These patients are segmented into two 

groups, moderate portal users and high portal users. Moderate portal users are defined as having between 1-14 

documented portal page views. High portal users are defined as having at least 15 portal page views. The cutoff for these 

groups was done to ensure both treatment levels are sufficiently powered for these analyses. These two treatment groups 

are compared against the control group, which includes patients with 0 documented portal page views. Due to the large 

size of the control group, we randomly drew a control population approximately four times larger than all portal users.  
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It is important to note that portal use isn’t time-stamped in these data, thus hampering the ability to definitively infer 

causality from person-level portal use. We assume that the majority of portal use occurred post-COVID onset, which 

aligns with available data on portal usage trends over time. We discuss the ramifications of this limitation in the 

discussion.   

 

Outcomes 

Study outcomes can be grouped into two distinct categories. The utilization outcomes include total visits, visits to 

outpatient facilities, inpatient facilities, emergency departments (ED), and labs. These outcomes help approximate 

CurrentCare patients’ level of care engagement in addition to the incidence of downstream health events. The second set 

of outcomes pertain to clinical biomarker results, outcomes include measures related to recorded lab and vital data on 

A1c, blood pressure (BP), and LDL. These measures, particularly for patients with chronic conditions, help to 

approximate CurrentCare patients’ chronic disease management and day-to-day health status. After excluding extremely 

outlying measurements, these outcomes are measured at the month level. Where multiple measurements are recorded in a 

given month, the mean value is used. 

 

Statistical Analysis 

To estimate the effects of significant patient portal use, we use a difference-in-differences approach with linear models to 

examine differences in patient-level outcomes between portal users and non-portal users before (January 2016-March 

2020) vs. after (April 2020-December 2022) the onset of COVID-19 in the United States. The general functional form of 

these models is depicted below in equation (1), estimating outcome Y for person i in month m: 

 

(1)              𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 +  𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 +  𝛽𝛽3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 +  𝛽𝛽4𝑋𝑋𝑖𝑖 +∝𝑚𝑚+ 𝜀𝜀𝑖𝑖 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 is a binary indicator that represents an observation occurring in period either before or after COVID-19 onset. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 represents whether the observation is a portal nonuser, a some-use portal user, or a high-use portal user. The 

covariate of interest (𝛽𝛽3) estimates the effect of being a portal user after COVID-19 onset on a given outcome. 

Additionally, models are adjusted for a vector of patient level covariates (𝑋𝑋𝑖𝑖), and include month-year (∝𝑚𝑚) fixed effects. 
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The covariates for this analysis include patient age, sex, race, prevalence of 20 relevant chronic comorbidities, 3-digit zip 

code, and housed status. Additionally, these models use robust variance estimators. These analyses are conducted both 

with the full sample and with sub-samples of those diagnosed with Type II Diabetes. Further, clinical biomarker analyses 

are conducted on their respective chronic condition population. This includes Blood pressure for hypertensive people, 

HbA1c for Type II Diabetics, and LDL for people with Hyperlipidemia. Statistical significance is determined at the 95% 

level. Further, to account for the selection issues present with person-level treatment assignment, we also leverage inverse 

probability weighting based on observable baseline characteristics.   

 

Such a model relies on the parallel-trends assumption, which states that time trends in outcomes followed the same 

trajectory prior to the pre/post cut-off. To address this, we present figures for each outcome to support this assumption. 

Further, we statistically test these trends to ensure they follow a parallel path. For the full sample, the parallel trends 

assumption is largely satisfied. There are three models, however, that see potential violations with the full sample. As we 

see in chapter 1, there are a couple outcomes that see potentially divergent trends early in the pre-period, which become 

parallel before the intervention. This occurs within the outpatient visits, ED visits, and Lab visits models. To test this, we 

truncate the sample, while still keeping at least two years of pre-period data. For outpatient and lab visits, we exclude the 

first 14 months, for ED visits we exclude the first 36. As in chapter 1, when we run the primary models with these 

truncated samples, the effect estimates remain significant with a similar model to the models using the full sample. Thus, 

we posit that the potential violation in parallel trends does not materially alter the interpretation of results. 

 

Similar to chapter 1, these models rely on consistency, exogeneity, and positivity (43). There is no reason to suggest that 

observed treatment differs from counterfactual treatment, suggesting the consistency assumption is satisfied. Baseline 

levels of outcomes did not determine treatment assignment, suggesting the exogeniety assumption is satisfied. The 

positivity assumption requires that each patient in this population could exist in each treatment group. While efforts to 

increase broadband access nationwide continue, it is estimated that 91% state households use an internet-connected 

device, and 100% have one available to them (89). While the satisfaction of these assumptions could be strengthened with 

additional data, these findings can indicate the presence of relationships worth examining further. 

 



39 
 

Sensitivity Analysis 

 

To further examine the relationship between portal and these various health outcomes, we conduct additional analyses 

based on specific types of portal usage. As described above, the CurrentCare data allow for analysis of sub-site visits 

within the portal. We hypothesize that some of these sites better signify a patient’s intent to use the portal as a proactive 

care engagement tool. For example, patients using the “library” and “wellness” pages may be more inclined to use the 

portal to better understand how to manage their conditions than patients who use the portal to review their allergy 

information (of which they are conceivably already aware). Identifying treatment based upon these specific visits helps 

better understand what types of portal visits drive our results. To identify treated observations in these analyses, we 

identified the page view distribution of each sub-site, and enforced a cutoff where treated observations comprised 

approximately 10% of all observations. 

 

Results 

 

The demographics of our patient population by treatment status can be seen in Table 2.1. Our sample is comprised of 

2,554,469 million observations (patient-months), originating from 107,212 people. In terms of treatment categories, our 

control group, ‘no use’ (NU) comprised 84% of all observations, and the ‘some use’ (SU) and ‘high use’ (HU) groups 

comprised 9% and 7%, respectively. Portal visits had a heavily right-skewed distribution, with people seeing a mean 

number of 5.4 portal visits. From this, we observe that portal users are slightly more likely to be younger, more likely to 

identify as White and as female, and more likely to reside in a ‘028’ zip code. Further, portal users have a lower 

prevalence of most chronic conditions and are less likely to be unhoused. When we compare (via chi-squared tests) our 

categorical variables by treatment status, we find that each variable is significantly associated with portal use level at the 

95% level. To see demographics irrespective of treatment status, please see Table 2.A3.  

As previously mentioned, a key assumption with a difference-in-difference methodology relies on outcomes pre-period 

trends being parallel. Such an assumption signifies that, in the absence of exogenous shocks, outcome differences between 

treatment and control groups would remain constant. This is shown in Figures 2.1a-2.1i, which shows the unadjusted 

trends for each of the primary outcomes. These figures show treatment groups following similar trajectories prior to 
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pandemic onset. Further, the results of our statistical analysis to confirm parallel trends is visible in Table 2.A2. Similar to 

chapter 1, most outcomes satisfy this assumption, but some potentially violate it. For outpatient, inpatient, and lab visits, 

we observe that while estimates closer to March of 2020 are parallel, the earliest months may be trending differently. 

Running the difference-in-differences estimates with the full dataset and with the early months excluded yield near-

identical estimates. Thus, given these additional checks, we can credibly argue that these assumptions are also valid, 

except for Lab Visits (NU-HU) and Diastolic BP (NU-SU). 

Table 2.2 displays the results of the primary analyses, using inverse probability weights. When focusing on outpatient 

visits, the coefficient of interest indicates that SU portal users see 0.07 fewer total monthly visits (CI: [-0.11,-0.03], p-

value=0.001) after pandemic onset than the control group. In terms of ED visits, HU treated observations observed 0.02 

fewer monthly ED visits (CI: [-0.03,-0.01], p-value < 0.001) Lab visits saw portal users having more monthly lab visits 

with SU and HU groups seeing 0.09 and 0.13 more monthly visits than control observations, respectively (SU: CI: 

[0.07,0.12], p-value<0.001, HU: CI: [0.1,0.16], p-value<0.001).  

When running these models within our Diabetic cohort, the ED model sees the only significant results. SU observations 

saw 0.04 fewer total visits than control observations (CI: [-0.07,-0.002], p-value=0.038). HU observations saw 0.06 fewer 

total visits than control observations (CI: [-0.09,-0.003], p-value<0.001). These estimates are displayed in Table 2.3.  

When focusing on biomarker estimates, we observed mostly null effects, with significant effects being observed in the 

A1c and Diastolic BP models. SU observations saw 0.1% increased HbA1c than NU observations (CI: [0.01,0.019], p-

value=0.03). SU observations saw a 0.55-unit lower Diastolic BP than control observations (CI: [-1.02,-0.08], p-

value=0.021). These estimates can be seen in Table 2.4. 

Sensitivity Analysis 

Table 2.5 shows the coefficients of interest for each portal sub-site, by treatment group. For each model, the outcome is 

outpatient visits. The two sub-sites with significant effect estimates are ‘Contacts’ and ‘Inbox’.  

Discussion 

Taken together, these results suggest that portal users saw more health care utilization than non-portal users, especially 

after COVID-19 onset. These results hold for more upstream outcomes like outpatient and lab visits, while downstream 
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outcomes appear to be relatively equal across treatment groups. Such a result extends the current knowledge base, which 

had yet to quantify this in the presence of an exogenous shock. This could be the result of a confluence of factors, 

including patient demographics, improved care coordination, or associations with other healthy behaviors (90). We find 

that those who use patient portals tended to be White, female, healthier, and younger, which is consistent with the existing 

patient portal knowledge base (61). These demographics are both more likely to contribute to increased portal use and 

improved outcomes, which is why they are adjusted for in all regression models.  

In our primary models with our full sample, we observed portal users and non-portal users to have similar pre-pandemic 

care utilization. Even though patient portal users may differ from non-users at baseline, covariate adjustment accounts for 

some of these differences. Further, patient portal use has increased over time (including a shift upwards after pandemic 

onset), so it is fair to suggest that portal use would see a lower potential effect prior to March of 2020. As it pertains to 

downstream utilization, however, we saw portal users largely see COVID-19 onset have an equal effect on inpatient, and 

emergency monthly visits. This aligns with previous research, and extends its implications logically. Previous research 

has shown that portal users, particularly those with chronic conditions, experience reductions in ED visits and preventable 

hospitalizations (81, 91-93). Such findings are likely due to portals’ assistance in managing providers, medications, and 

lab schedules, contributing to better health maintenance (81, 93). Unfortunately, previous portal research is limited due to 

low portal utilization from the general patient population.  

The introduction of a global pandemic, however, led to a larger demonstrated need for all patients to receive care and 

health information virtually. Increased outpatient and decreased ED monthly visits for portal users post-pandemic onset 

suggests that previously documented portal benefits prove themselves to be even more helpful when in-person care is less 

tenable. Importantly, outpatient visits in this sample include telehealth visits, which are facilitated by active patient portal 

use. Thus, portals appear to function as useful care management tools that facilitate care management, especially for those 

who find it tough to receive in-person care.  

Our analysis of outpatient visits, however, yields different conclusions. Portal users appear to have higher monthly 

outpatient visits than non-portal users. This has been seen in previous research, as portal users tend to use it in relation to 

previous and upcoming outpatient visits. Further, portal users are also more likely to be actively engaged in routine care 

(81). This difference, however, is negated in the post period, with portal users seeing slightly fewer outpatient visits than 

non-portal users. We believe this could occur through the mechanism of portal users substituting portal views for certain 
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in-person visits (81, 94), which non-portal users cannot conceivably do. Models estimating lab visits also have interesting 

implications. Portal users had fewer lab visits in the pre period, which aligns with the models on downstream health 

events (implying that portal users are healthier at baseline). These differences are essentially neutralized post pandemic 

onset, potentially due to the increase in COVID testing visits, largely seen among highly engaged patients. Further, treated 

observations likely used the portal to view test results, suggesting these patients’ care was made more seamless through 

accessing this portal. 

The models focusing on patients with chronic conditions prompt further discussion. Outside of decreased ED visits, these 

estimates do not appear statistically significant. Thus, amongst this sicker cohort, while portal use may not be shown to be 

clearly associated to increased outpatient care, there may be a tangible effect on preventable ED admissions. This aligns 

with previous research identifying that portals can especially help chronic condition patients by coordinating their more 

involved care management and medication schedule (73, 81). 

While effects on ED utilization are significant amongst Type II diabetics, COVID-19 onset did not appear to be associated 

with significant differences in clinical biomarkers between control and treated observations. This lack of an effect could 

be due to a couple explanations. Fewer observations were involved in these models, lowering their power. Second, 

differences in these outcomes may take longer to show in these models, and further analyses with more months of data 

may be valuable. Despite these results, portal users did possess lower HbA1c and Systolic BP levels than non-portal users 

at baseline. Such a finding, while perhaps not caused by increased portal use, is indicative of more proactive disease 

management facilitated by patient portal functionalities.  

Sensitivity analyses demonstrated that certain portal sub-sites did have a larger association with outcome changes than 

others. While the “Contacts” sub-site is visited most frequently, the “Inbox” sub-site had the strongest relationship with 

improved outcomes. Given that this is the source of the most direct correspondence with providers, this relationship 

makes sense. Even though there isn’t functionality for live patient/provider dialogue, our results support the usefulness of 

read-only portals while also underscoring the importance of enhancing that functionality in future portal iterations. 

The collection of this research possess important implications for HIEs and patient portals. HIEs like CurrentCare provide 

a valuable resource, despite limited initial adoption after HITECH’s passage (95, 96). CurrentCare’s ability to synthesize 

data from multiple sources to more fully tell patients’ medical stories is necessary as distinct systems continue to strive for 
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improved interoperability. Further, continued support must be given to HIEs to support infrastructure development, as 

well as to providers and patients on how to best make use of HIEs and patient portals. This includes ensuring that 

disclosing sensitive and complex information continues via in-person communication (97). Recent state legislation aims to 

adjust CurrentCare from an “opt-in” framework to an “opt-out” framework (98). Such policy is important, but must be 

supplemented with patient-level engagement to best leverage HIE capabilities. The current health care landscape sees a 

proliferation of provider portals. For patients with a variety of providers, this fragmentation is likely to cause annoyance at 

best, and disrupted care at worst. HIE portals offer a solution to collectively house all data under one log-in, and this 

research suggests that this is of significant value.  

Patient portals are valuable tools, but research like this emphasizes the additional effort required to maximize their utility. 

Portals provide valuable access to personal health information, and can improve health care engagement and health status, 

especially amongst vulnerable populations. (73, 78, 87, 88) This research supports these claims, especially as it pertains to 

health care utilization. Further, we find that exogenous shocks that require more virtual health care widens these 

differences. This is especially noteworthy within a population with a relatively high health literacy baseline (patients who 

have opted into CurrentCare). Our findings support the importance of encouraging portal use, especially amongst 

subpopulations who historically have accessed portals at lower rates (non-English speakers, non-White and older patients, 

and those with lower health and technological literacy) (15, 78, 86, 99). Such efforts will likely require policy focusing on 

identifying who needs assistance, who will provide it, and how it will be reimbursed (48, 100). With the recent end of the 

COVID-19 public health emergency, extra care needs to be taken to make sure those that benefitted from virtual care 

during this period maintain affordable access. Future research will evaluate how these effects differentially impact 

different sub-groups (especially racial and ethnic populations), which will be approached in chapter 3.  

Despite this, there are limitations to this work. First, the structure of the patient portal file limits causal claims. While we 

have data on portal use, these data aren’t currently tied to dates. Thus, we have no ability to tie portal use directly to 

outcomes in future weeks or months. Future research will incorporate time-stamped portal data, but currently we operate 

off the assumption that portal use is relatively evenly distributed throughout the time period. Second, we also would like 

to have data on unique portal sessions in addition to portal visits. This would allow for further comparisons between those 

who use the portal numerous times with limited engagement at each visit, and those who use it sparingly, but visit many 

sub-sites during each session. These data will also be available in the future for continued research. Third, we would like 



44 
 

to incorporate cost and insurance status into future analyses, as prior research has shown that increased portal use is 

associated with being uninsured or being on Medicaid (61, 86). This would also allow for more nuanced discussion 

concerning cost effectiveness of portal development and activation, which would help inform ongoing policy debates. 

Finally, while this is a comprehensive data set, it only captures information from one HIE from a small state which could 

potentially limit external validity. 

Ultimately, however, we believe this research offers important insights on the how portal use is related to various health 

and health care outcomes, especially after an exogenous shock necessitates remote care. This is the first foray into 

CurrentCare for Me analysis, and hopefully this research lays a foundation for future analyses on this valuable health care 

resource. 

Conclusion 

Amongst patients enrolled in a HIE, patient portal users were more likely to engage in more care management, and 

experience fewer adverse events than non-portal users. For total, emergency, and inpatient visits, these gaps largely 

remain unchanged after COVID-19 onset, while portal users see increased outpatient visits. Within our Diabetic cohort, 

we see reduced ED visits for portal users. Certain portal sub-sites drove these results, including “Inbox” and “Contacts”, 

suggesting these views led to direct provider interaction. Portals function as a useful tool for ongoing care management, 

which is especially important when virtual care is a preferred modality. 
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Tables and Figures 

Table 2.1: Demographics by Treatment Group 

By Levels of Portal Use No Use Some Use High Use 

Observation Level   n=2,168,016   N = 

239,186 

 N = 167,410 

Mean Portal Visits (SD) 0 (0) 6.1 (3.8) 88.9 (194) 

Mean Age (SD) 58.4 (16.7) 53.3 (15.9) 52.5 (15.7) 

Female (%) 1383560 (64.4) 170552 

(71.3) 

122349 (73.1) 

Race (%) 
   

White 1452472 (67.6) 190164 

(79.5) 

137086 (81.9) 

Black 131673 (6.1) 7006 (2.9) 3594 (2.2) 

Hispanic 108052 (5) 7212 (3) 3688 (2.2) 

Asian 25290 (1.2) 3306 (1.4) 1980 (1.2) 

Other 430386 (20) 31498 (13.2) 21062 (12.6) 

3-Digit Zip: 029 (%) 755388 (35.2) 69575 (29.1) 50668 (30.3) 

Unhoused 31213 (1.5) 1004 (0.42) 664 (0.40) 

Diabetes 473094 (22) 36527 (15.3) 22404 (13.4) 

Hypertension 1208545 (56.3) 104520 

(43.7) 

70149 (41.9) 

Hyperlipidemia 1018546 (47.4) 91471 (38.2) 62734 (37.5) 

DHH 338785 (15.8) 23135 (9.7) 15148 (9.1) 

Angina 236260 (11) 16503 (6.9) 12285 (7.3) 

Heart Failure 212952 (9.9) 12092 (5.1) 8578 (5.1) 
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Peripheral Artery 

Disease 

18597 (0.87) 1276 (0.5) 709 (0.4) 

AIDS 8891 (0.4) 768 (0.3) 439 (0.3) 

Connective Tissue 

Disease 

4464 (0.2) 662 (0.3) 323 (0.2) 

Rheumatoid Arthritis 52081 (2.4) 4383 (1.8) 3799 (2.3) 

Dementia/Alzheimers 66189 (3.1) 3618 (1.5) 2334 (1.4) 

Multiple Sclerosis 17773 (0.8) 2453 (1) 2097 (1.3) 

Parkinson’s 2891 (0.1) 155 (0.1) 105 (0.1) 

Stroke 66388 (3.1) 4439 (1.9) 3232 (1.9) 

Cancer 181816 (8.5) 16053 (6.7) 12319 (7.4) 

Glaucoma 54660 (2.5) 4174 (1.8) 2437 (1.5) 

Depression 376115 (17.5) 37873 (15.8) 25775 (15.4) 

Alcohol Abuse 89880 (4.2) 4389 (1.8) 3479 (2.1) 

Asthma 408204 (19) 42162 (17.6) 31507 (18.8) 

COPD 104128 (4.9) 5009 (2.1) 4180 (2.5) 

Chronic Kidney Disease 215916 (10.1) 15136 (6.3) 10370 (6.2) 

Note: Each categorical variable is associated with FQHC category (95% level) 

Figures 2.1a-2.1i: Unadjusted Outcome Trends 

Figure 1a: Total Visits 
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Figure 1b: Outpatient Visits 

 

Figure 1c: Inpatient Visits 
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Figure 1d: Outpatient Visits 

 

Figure 1e: Lab Visits 
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Figure 1f: Blood Glucose Pre Trends (Diabetics) 

 

Figure 1g: Systolic BP (Hypertensive Population) 

 

Figure 1h: Diastolic BP (Hypertensive Population) 
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Figure 1i: LDL (People with Hyperlipidemia) 

 

Table 2.2: Main Regression Output Coefficients of Interest (Full Cohort) 

*= Significant at 95% level 
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Table 2.3: Main Regression Output Coefficients of Interest, Diabetic Cohort 

 

*= Significant at 95% level 

Table 2.4: Biomarker Regression Output Coefficients of Interest (Chronic Condition Cohorts) 

 

*= Significant at 95% level 

Table 2.5: Sub-Site Coefficients of Interest (Sensitivity Analysis) 

 

*= Significant at 95% level 
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Appendix: Tables and Figures 

Table 2.A1: Portal Sub-Sites 

Portal Sub-Sites 

Library 

Allergy 

Contacts 

Diagnoses 

Visits 

Illness History 

Inbox 

Lab 

Rad Order 

Wellness 

Observations 

 

Table 2.A2: Parallel Trends Estimates 

Total Visits Coefficient SE Z P-Value 

NU-SU -1.1 E -03 7.9 E -04 -1.36 0.174 

NU-HU -1.8 E -03 1.1 E -03 -1.59 0.111 

Outpatient Visits (after 14 months) 
    

NU-SU 1.6 E -03 9.2 E -04 1.77 0.077 

NU-HU 1.3 E -03 1.3 E -03 1.01 0.31 

ED Visits (after 36 months) 
    

NU-SU -1.5 E -04 6.3 E -04 -0.23 0.82 

NU-HU 7.2 E -05 7.2 E -05 0.09 0.93 
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Inpatient Visits 
    

NU-SU 1.76 E -05 6.4 E -05 0.27 0.78 

NU-HU -1.8 E -05 6.7 E -05 -0.26 0.79 

Lab Visits (after 14 months) 
    

NU-SU -9.9 E -05 4.7 E -04 -0.21 0.83 

NU-HU -3.2 E -03 6.2 E -04 -5.1 0 

Blood Glucose 
    

NU-SU 2.5 E -03 1.7 E -03 1.52 0.129 

NU-HU 3.2 E -03 2.1 E -03 1.53 0.126 

Systolic BP 
    

NU-SU 3.9 E -03 0.01 0.31 0.76 

NU-HU 1.1 E -03 0.02 0.07 0.95 

Diastolic BP 
    

NU-SU 0.02* 8.5 E -03 2.33 0.02 

NU-HU 3.8 E -03 0.01 0.36 0.72 

LDL 
    

NU-SU 0.02 0.02 0.8 0.42 

NU-HU 0.02 0.03 0.65 0.52 

 

Table 2.A3: Cohort Demographics 

 
Patient-

Months 

People 

Portal Use Levels (%)  N=2,554,469  N= 107,212 

No use (0 Views) 2147873 (84.1) 89569 (83.5) 

Some use (1-14 Views) 239186 (9.4) 10516 (9.8) 

High Use (15+ Views) 167410 (6.6) 7127 (6.7) 
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Mean Portal Visits (SD) 6.39 (54.3) 5.40 (41) 

Mean Age (SD) 57.5 (16.7) 54.2 (17.2) 

Female (%) 1676461 (65.6) 63501 (59.2) 

Race (%) 
  

White 1779722 (69.7) 73034 (68.1) 

Black 142273 (5.6) 5951 (5.6) 

Hispanic 118952 (4.7) 5255 (4.9) 

Asian 30576 (1.2) 1740 (1.6) 

Other 482946 (18.9) 21232 (19.8) 

3-Digit Zip: 029 (%) 875631 (34.3) 36991 (34.5) 

Unhoused 32881 (1.3) 1029 (1) 

Diabetes 532025 (20.8) 15525 (14.5) 

Hypertension 1383214 (54.2) 46025 (42.9) 

Hyperlipidemia 1172751 (45.9) 38138 (35. 

6) 

DHH 377068 (14.8) 10169 (9.5) 

Angina 265048 (10.4) 7102 (6.6) 

Heart Failure 233622 (9.2) 6136 (5.7) 

Peripheral Artery Disease 20582 (0.8) 518 (0.48) 

AIDS 10,098 (0.4) 301 (0.3) 

Connective Tissue Disease 5449 (0.2) 124 (0.1) 

Rheumatoid Arthritis 60263 (2.4) 1513 (1.4) 

Dementia/Alzheimers 72141 (2.8) 2194 (2.1) 

Multiple Sclerosis 22323 (0.9) 616 (0.6) 

Parkinson’s 3151 (0.12) 85 (0.08) 

Stroke 74059 (2.9) 2032 (1.9) 
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Cancer 210188 (8.2) 5982 (5.6) 

Glaucoma 61271 (2.4) 1748 (1.6) 

Depression 439763 (17.2) 13349 (12.5) 

Alcohol Abuse 97748 (3.8) 3216(3) 

Asthma 481873 (18.9) 14874 (13.9) 

COPD 113517 (4.4) 3118 (2.9) 

Chronic Kidney Disease 241422 (9.5) 6374 (6) 
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CHAPTER 3: Quantifying the Effects of Increased Digital Health Technology Use on Racial/Ethnic Disparities in 

selected Outcomes Amongst High Need Patients 

 

Introduction 

While digital health technology (specifically telemedicine and patient portals) access and use has trended upwards 

throughout the past couple decades, the COVID-19 pandemic greatly accelerated these trends (11, 17, 20, 101-106). 

Telemedicine, defined as two-way real-time virtual communication between patient and provider, offers a potential 

alternative to in-person care for certain types of visits. Patient portals, online applications where patients can view 

information, address health needs, and interact with providers, also helps bridge the care continuum.  

Indeed, access to these technologies has been tied to improvements in health care utilization and certain health outcomes 

(7, 18). The benefits of these technologies, however, may not be shared equally across patient groups, as selection into 

telemedicine and patient portal use is determined by a variety of factors. These factors include racial disparities in being 

offered patient portal and telemedicine use, comfort using digital technologies, and differences in technological access, 

amongst other reasons (7, 32, 55, 61, 99, 107-110). For this reason, racial disparities in being offered patient portal and 

telemedicine use, comfort using digital technologies, and differences in technological access, amongst other reasons 

(commonly known as the “digital divide") (6, 7, 10, 13, 15, 51, 55, 72, 82, 86, 107, 111, 112). These studies find this 

divide exists in use and access, but further research on health-related outcomes is needed, particularly amongst high-need 

patient populations (7, 77). Thus, this research focuses on two exposures, FQHC-level telemedicine use, and patient-level 

patient portal use, drawing data from the two unique populations used in earlier chapters.  

The first cohort of patients, focusing on telemedicine use, is diagnosed with Diabetes Mellitus, and receives care from a 

Federally Qualified Health Center (FQHC). This data set was also used in chapter 1. People with at least one chronic 

condition constitute a growing proportion of American adults. As of 2018, approximately half of adults had at least 1 

chronic conditions, and 27% had at least two (multimorbidity). Further, amongst subgroups, those with public insurance 
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constituted higher than average multimorbidity prevalence (23, 77). Patients with chronic conditions require various 

medications, consistent provider interaction, and self-monitoring of clinical biomarkers. Further, 30%-50% of patients 

with combinations of these conditions have been shown to not receive appropriate treatment and thus risk future acute 

health problems (25, 113). Successful chronic condition management depends on medication adherence, health-conscious 

decisions, and communication with health care providers. Such a population could conceivably benefit from remote care.  

The second cohort, focusing on patient portal use, includes patients enrolled in a state-wide health information exchange 

(HIE). This is the same cohort that was analyzed in chapter 2. Within this population, we look at a full population of HIE 

enrollees, while also focusing specifically on patients with Diabetes. A HIE allows for patient data to move seamlessly 

across provider groups and health systems, facilitating the care continuum. This level of interoperability facilitates broader 

technology adoption. Understanding both who is using HIE supplements like patient portals and how that relates to 

disparities in health outcomes between patient populations is crucial to determine the structure of future HIE iterations.  

Provided equal usage of these technologies, we look to understand how portal and telemedicine use is differentially 

associated with health outcomes by race. These questions pose important policy implications. While health systems may 

not need exclusively virtual care in the near-term future, understanding the relationship between increased use of digital 

health technologies and disparities in health outcomes allows us to better understand the potential role of virtual care 

going forward as well as necessary equity-driven interventions to encourage use. Thus, our research objective is to assess 

how use of patient portals and telemedicine usage affects racial/ethnic disparities related to quality of care and health care 

costs. While there are underlying differences between racial/ethnic populations that drive differences in outcomes and 

uses, this research aims to understand how differences in outcomes persist amongst these groups, especially after the onset 

of COVID-19. 

Methods 

Data 

The two cohorts in this analysis use two distinct data sources. First, we use data from Community Care Cooperative (C3), 

the largest FQHC-based Medicaid Accountable Care Organization in the United States. These data contain Medicaid 

claims (inpatient & outpatient) and EHR data from 400,000 Massachusetts patients, providing a comprehensive view of 

these patients’ virtual and in-person care before and after the pandemic. Further, C3 pays specific attention to addressing 
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care inequity, allowing us to understand the effect of these efforts compared to other ‘digital divide’ research. Prior 

research into equity-driven telemedicine FQHC initiatives has shown that these efforts benefit both patient and provider 

(10). 

Second, we use data from CurrentCare, Rhode Island’s Health Information Exchange (HIE) that is managed by the Rhode 

Island Quality Institute. Current Care includes approximately half of the state’s nearly 1.1 million residents, including 

about 45 million patient encounters. In addition to inpatient and outpatient visits, CurrentCare also includes 90% of lab 

tests and prescription fills. Its data originate from primary care and specialty practices, community health centers, 

hospitals, long-term care facilities, and visiting nurse agencies. In addition to these data, CurrentCare also manages a 

patient portal, labeled CurrentCare for Me. While this portal doesn’t allow for real-time interaction with providers, 

patients can view recent test results, download their medical record, and send/receive messages from providers. For this 

research, we have data on the total number of portal visits to each of the sub-sites within the portal. 

Sample 

The C3 cohort follows the same inclusion criteria as chapter 1 with two notable exceptions. We broaden our cohort to 

include everyone with a Type II Diabetes diagnosis, rather than including those with Diabetes, Hypertension, and 

Hyperlipidemia (DHH). This was done so to include a larger patient population to provide more power to these triple-

difference analyses. As we are working on a larger cohort, we are enabled to use a cohort with higher FQHC engagement. 

This cohort requires two FQHC visits in the pre period, and two FQHC visits in the post period.  

 

The sample is defined in the same way as it was in chapter 2 for our CurrentCare cohort. 

 

Defining Exposure 

Exposure is defined in the same way as it was in chapters 1 and 2 for our C3 and CurrentCare cohorts, respectively. 

 

Outcomes 

Utilization, cost, and clinical biomarker outcomes are defined in the same way as in the previous two chapters. 
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Statistical Analyses 

To estimate the differential effects of telemedicine and portal use by race, we use a “triple difference” approach with 

linear models. For the C3 cohort, this involves examining differential changes in patient-level outcomes for patients 

attributed to low telemedicine (LT), medium telemedicine (MT), and high telemedicine (HT) FQHCs  before vs. after 

rapid implementation of telehealth, comparing White, Black, and Hispanic patients. For the CurrentCare cohort, we 

examine changes in patient-level outcomes for patients with no use (NU), some use (SU), and high use (HU) before vs. 

after COVID-19 onset, comparing White, Black, and Hispanic patients. The pre/post periods for both analyses are defined 

as they were for their respective previous chapters.  

 

 The general functional form of the telemedicine models is depicted below in equation (1), estimating outcome 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖: 

 

(1)              𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽0 +  𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 +  𝛽𝛽2𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓 + 𝛽𝛽3𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 +  𝛽𝛽4𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑗𝑗𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓 +  𝛽𝛽5𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖

+  𝛽𝛽6𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 +  𝛽𝛽7𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 +  𝛽𝛽8𝑋𝑋𝑖𝑖 +∝𝑚𝑚+ 𝛿𝛿𝑓𝑓 + 𝜀𝜀𝑖𝑖 

 

The general functional form of the patient portal models is depicted below in equation (2), estimating outcome 𝑌𝑌𝑖𝑖𝑖𝑖: 

 

(2)              𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽0 +  𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 +  𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 + 𝛽𝛽3𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 +  𝛽𝛽4𝑇𝑇𝑇𝑇𝑚𝑚𝑒𝑒𝑚𝑚𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 +  𝛽𝛽5𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 +  𝛽𝛽6𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖  

+  𝛽𝛽7𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 + 𝛽𝛽8𝑋𝑋𝑖𝑖 +∝𝑚𝑚+ 𝜀𝜀𝑖𝑖 

 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑗𝑗  represents an observation occurring in period either before or after rapid implementation. 𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑘𝑘  represents 

whether the observation is either a regular or irregular technology user (portals or telemedicine, depending on the cohort). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖  represents whether the observation identifies as White, Black or Hispanic. The covariate of interest (𝛽𝛽7) estimates 

the effect of being a Black patient this is a user of the relevant health technology, after COVID-19 onset. The remaining 

specifications resemble those from the prior two chapters. For our portal analyses, we only include models using inverse 

probability weights based on available baseline demographic data. We use different weights to Chapter 2, removing race 

from the model as it directly pertains to our outcomes of interest.  
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While a triple-difference model seeks to identify the difference between two difference-in-difference models, two separate 

parallel trends models are not required. Instead, one needs for the relative outcomes of the identifying groups who 

received treatment to trend in the same direction as the relative outcomes of the identifying groups in the control group 

prior to the exogenous shock (114). Taken within the context of this research, this requires the relative outcome trends 

between White and Black portal users to align with the relative outcome trends between White and Black non portal users 

before COVID-19 onset. To address this, we will show unadjusted outcome figures to demonstrate that these statements 

hold. The satisfaction of other assumptions (consistency, exogeniety, and positivity) was discussed in previous chapters, 

and the same logic holds for this chapter. 

 

Results 

C3 Cohort 

The demographics for our C3 cohort are displayed in Table 3.1 by treatment category. With the slightly revised inclusion 

criteria, we include 216,125 patient-month observations from 5,509 beneficiaries. These observations come from 16 

FQHCs, which are divided into the same treatment groups as chapter 1, LT, MT, and HT. After confirming the relative 

telemedicine proportions remained consistent, we kept FQHCs in the same treatment groups as they were in for chapter 1. 

To reference these, please see Table A1 and Figure A1 in chapter 1’s appendix. Approximately 86% of observations stem 

from patients attributed to a MT FQHC. THE LT and HT groups comprise 8% of 6% of observations, respectively. 

Across the three treatment groups, age is relatively consistent. HT observations are the most likely to be male. MT 

observations are most likely to be female, Hispanic, Spanish speaking, and be have been diagnosed with a stroke and heart 

failure. LT observations are most likely to be White, English speaking, and be diagnosed with any chronic condition. To 

see these demographics aggregated over all treatment groups, please see Table 3.A1 in the appendix.  

Figures 1 and 2 resemble those of chapter 1. Figure 3.1 illustrates how FQHC visits trend over time, by modality and race. 

We can observe how total visits do not appear to be significantly affected by COVID-19 onset, with virtual visits 

substituting the decline in in-person visits. While in-person visits do not return to pre-pandemic levels, the persistence of 

telemedicine visits continues through the end of 2021. When comparing across race/ethnicity lines, we observe that Black 

and White diabetic patients observe similar FQHC utilization prior to the pandemic. Hispanic patients observe a similar 
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trend, but at lower levels than Black and white patients. These trends appear to lessen after COVID onset, due to equal 

levels of observed in-person visits. While the overall difference in total visits remains, it appears smaller than it was prior 

to the pandemic. 

Figure 3.2 shows the same trends in FQHC visits, but by treatment group. Similar to chapter 1, we observe that pre-period 

utilization levels are largely consistent across treatment groups. After March 2020, we see HT total visits increase, while 

LT total visits fall and MT visits remain consistent. To see how these visits breakdown by modality, please see Figure 

3.A1. LT patients resume in-person care quicker than MT and HT patients, who use telemedicine as the dominant 

modality through the final months of 2021. 

Given the levels of treatment and the multiple levels of race/ethnicity, we split up our unadjusted outcome figures to show 

White and Black comparisons and White and Hispanic comparisons separately. Similar to chapter 1, we show these for 

each outcome related to care utilization, costs, biomarkers, and Healthcare Effectiveness Data and Information Set 

(HEDIS) measures. The appendix displays each of these figures. Figures 3.A2a-3.A2t show the White-Black comparisons. 

We include two sets of cost figures, with one excluding the LT – Black cohort due to extreme values skewing the scale. 

Figures 3.A3a-3.A3o show White-Hispanic comparisons. We can see that while there appears to be noise in some of the 

cost and biomarker estimates, the relative trends in White and Black/Hispanic treated outcomes and White and 

Black/Hispanic control outcomes in the absence of treatment suggest the validity of the triple-difference parallel trends 

assumption. 

To view the regression estimates interest for our models, please see Tables 3-4. Due to the volume of models, we only 

include those with significant estimates in the body of the chapter. All models can be seen in the appendix. Table 3.3 

focuses on White:Black Disparities. We observe that the only significant estimate stems from the model estimating 

Professional Outpatient Costs at the 90% level (CI: [-3470,256], p-value=0.091). 

Table 3.4 focuses on White:Hispanic Disparities. Hispanic patients served by FQHCs with higher telemedicine use see 

0.13 more FQHC in-person visits (MT, CI: [0.01,0.24], p-value=0.028), 1.01 fewer non-FQHC outpatient visits (HT, CI: 

[-1.98,-0.05], p-value=0.028), 0.61 higher HbA1c (MT, CI: [0.22,1], p-value=0.002), and increased probability of poor 

blood glucose control (MT (0.09), CI: [0.02,0.17], p-value=0.014, HT (0.11, 90%), CI: [-0.01,0.23], p-value=0.074) 
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compared to their control observations in comparison to White treated observations did compared to their control 

observations.  

Current Care Cohort 

The demographics of our patient population are displayed in Table 3.5 by treatment group. This sample includes 

2,040,947 patient-month observations, coming from 84,240 patients. Approximately 83% of observations originate from 

our control group, those who had never used a patient portal. Observations from ‘some use’ (SU) patients comprise 10%, 

and ‘high use’ (HU) patients make up the remaining 7%. While most patients have not used the portal, the mean number 

of portal visits is 5.8. Further, we observe that portal users are, on average, younger, healthier, more likely to be White, 

identify as female, less likely to experience homelessness and reside in a ‘028’ area code. Table 3.A2 displays these 

demographics unrelated to treatment status. 

Figures 5a and 5b better visualize the relationship between portal use and age. Figure 3.3a focuses on the full sample, 

showing how portal use changes with age. While each race/ethnicity sees declining portal use with age, White 

CurrentCare members see higher use across all ages. Further, the rate of decline as observations move across the age 

continuum is less severe for White patients. When focusing only on portal users (Figure 3.3b), we see similar interracial 

relationships. Both Black and Hispanic portal use is lower than that of White portal users for young CurrentCare for Me 

users. Black and Hispanic use appears to decline more severely as you focus on older portal users than it does for White 

patients. Indeed, amongst portal users, White users appears consistent across the age range. 

To understand how unadjusted outcomes trend across time, we created plots charting each utilization outcome (Figures 

3.A4a-3.A4i for Black-White comparisons and 3.A5a-3.A5i for Hispanic-White comparisons). To satisfy the triple-

difference assumptions described previously, the collective movement of the red and green lines must correspond to the 

collective movements of the blue lines. When applying this test to the utilization outcomes, we largely come to the 

conclusion that this assumption is satisfied. The only outcome which appears to potentially violate this assumption is lab 

encounters. Thus, we will focus on regression estimates for all outcomes except for lab encounters. Given the noisy nature 

of some of these outcomes, we provide some lagged figures in the appendix to reinforce the satisfied pre-trends 

assumption (Figures 3.A6a-3.A6r). In these figures, each point is the average value of the current month and the 4 

preceding months. 
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Table 3.6 displays all White:Black models that yield a statistically significant estimate. Black portal users see 0.35 fewer 

total visits (SU, CI: [-0.62,-0.08], p-value=0.011), fewer outpatient visits (SU, CI: [-0.936,-0.02], p-value=0.028), 0.18 

fewer lab visits (-0.18 (SU), CI: [-0.29,-0.07], p-value=0.002, -0.14 (HU), CI: [-0.25,-0.02], p-value=0.021), 2.69 lower 

Diastolic BP (SU, CI: [-5.16,-0.22], p-value=0.033) and 9.18 lower LDL (90% significance, CI: [-18.8,0.45], p-

value=0.062) compared to their control observations in comparison to White treated observations did compared to their 

control observations.  

The White:Hispanic parameters of interest can be seen in Table 3.7 for models that yield significant estimates. Hispanic 

portal users see 2.53 higher Diastolic BP (CI: [0.95,4.1], p-value=0.002) compared to their control observations in 

comparison to White treated observations did compared to their control observations.  

Discussion 

Collectively, these analyses suggest that differential effects of health technology use exist in certain scenarios, and more 

research is needed to investigate the source of these differences. A strength of this analysis lies in the ability to examine 

two unique datasets from sources who have approached technology usage differently. C3 has built equitable initiatives 

into their care management throughout its existence, while CurrentCare hasn’t pursued extensive patient portal activation 

from its members to this point. These differences can help us understand how racial disparities in our outcomes differ 

between the two studies. 

Within the C3 cohort, we largely find no significant effect of FQHC-level telemedicine use on health care utilization, 

costs, and individual health status. Black patients appear to derive the same benefits from increased telemedicine use as 

White patients, which suggests that the concerted efforts to improve health equity have succeeded in the rapid 

implementation of telemedicine across Massachusetts Medicaid FQHCs. Based on the consistent direction of the cost 

estimates, there is reason to believe that costs reductions due to telemedicine are larger amongst Black telemedicine users, 

which would certainly help encourage broader adoption.   

With our Hispanic and White patient estimates, we similarly observe largely insignificant estimates, but a couple models 

hold interesting implications. First, we see that total in-person FQHC visits increase for higher telemedicine-use FQHCs, 

while non-FQHC outpatient visits decrease. Such results suggest that while Hispanic patients of high telemedicine-use 

clinics have more opportunities to use telemedicine, they are leveraging in-person FQHC care at higher levels than their 
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White counterparts. Further, our findings suggest that Hispanic Diabetics see a significantly larger negative effect of 

telemedicine use on HbA1c outcomes compared to White diabetics. This is seen in both the HbA1c outcome, and in the 

poor Diabetes control HEDIS outcome. While HEDIS measures may be reflective of the way in-person care facilitates 

more successful measurement rather than actual disease management (see chapter 1), the biomarker estimate suggests 

these estimates have some validity.  

Taken together, along with the in-person FQHC estimates, these findings may be indicative of a language-related issue. 

While preferred language is controlled for in these analyses, we may still be observing potential barriers to those with 

limited English proficiency (LEP). In-person visits may offer more available people who can translate for patients and 

providers who aren’t comfortable speaking the same language. Telemedicine provides less of an opportunity to involve 

these people, especially if both patient and provider are conducting virtual visits from home. Such a finding underscores 

the importance of ensuring language barriers are minimized in virtual care, as they have a demonstrated effect of 

increasing health disparities between Hispanic and White patients (111, 115-117). Such a finding aligns with the larger 

need to understand the ideal scope of telemedicine (53). Ultimately, however, we largely don’t observe widening racial 

disparities within this C3 cohort, underscoring the importance of equity-driven care strategies.  

These takeaways can be extended into our analyses with the CurrentCare cohort. Each model supports the assertion that 

all patients saw increased health care utilization after the onset of COVID-19. This can be attributed to the emergence of 

COVID-related care, coupled with the ability to transition some previous in-person care to virtual care. As was observed 

in chapter 1, total utilization increasing after in-person care largely resumes occurs due to the persistent influence of 

virtual care. Focusing on Hispanic-White differences, however, we see that portal users after COVID-19 onset are 

associated with larger negative effects on Diastolic BP for Hispanic patients than for White patients. Such findings could 

originate from similar barriers that affected C3 patients. Those who may need to rely more on portals but aren’t 

comfortable in the provided language may miss key information about their health and care management (111). While 

most outcomes do not suggest disparities in outcomes between White and Hispanic patients, it is important to make sure 

use is incentivized for Spanish-speakers. CurrentCare continues to invest time and resources in making the portal multi-

lingual, which will likely lower some of these barriers. Additional translation capabilities may also be necessary for free-

text spaces, as this is important for direct patient-provider communication. 
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Focusing on Black-White disparities also yield important findings. Black portal users appear to see lower health care 

utilization and lower biomarker measurements than White portal users, compared to their respective controls. While we 

don’t know the nature of this care, the fact that it does not correspond to widening disparities in downstream outcomes 

suggests that some of this care may be substituted for portal use. In a vacuum, it is promising that Black patients 

(especially those with chronic conditions) potentially see a larger benefit from patient portals than White patients after an 

exogenous shock encouraging portal use. Portals can increase access by lowering obstacles like transportation and 

needing to work around strict work schedules (7, 118). Such obstacles are likely to disproportionately affect underserved 

communities (98, 119). The issue, however, resides in the fact that portal use is still more common amongst White 

patients. While Black patients comprise 8.5% of the non-portal users in the sample, they only comprise roughly 3.5% of 

the SU treatment group. A lower proportion of black patients use portals for a variety of socioeconomic and cultural 

reasons, including lower internet access, a lower likelihood of being offered use, and less confidence in data safety (60, 

61). Regardless of the underlying determinants, lower portal use signifies unrealized health improvements that are larger 

in magnitude than those for portal-using White patients. The culmination of these models suggests potential widening 

racial disparities in total health care utilization, and health more generally (the ‘digital divide’). 

Prior research has demonstrated that portal users see fewer outpatient, ED visits and preventable hospitalizations than 

their non-portal using peers (81, 91-93). Such trends could be due to portal users being able to substitute portal use for 

certain in-person conversations (94).  Fortunately, these models do not show an effect of widening disparities in 

downstream health care utilization, suggesting that any disparities in care engagement haven’t resulted in differences in 

ED or inpatient visits. Our biomarker models largely yield statistically insignificant results, and the few results that are 

significant do not appear to have a tangible clinical effect. This, taken with the downstream utilization models, suggest 

that any disparities in care engagement do not translate to disparities in health. While encouraging, continued analyses 

may be necessary to identify significant estimates from data with a longer time horizon and more observations.  

Pandemic onset necessitated a near-universal increase in virtual health care, from telemedicine visits to patient portal use. 

When in-person care becomes too risky, these technologies serve a potentially helpful role, as found in previous research 

(6-8, 51, 85, 117). The findings of this research extend those conclusions, while illustrating that various racial groups may 

experience telemedicine and portals differently. These varying responses by Black and Hispanic patients in relation to 

White patients are likely driven by different barriers to in-person and virtual care. Where Black patients may benefit from 
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being able to leverage virtual care with adequate outreach and training, Hispanic patients may need more help, particularly 

as it pertains to overcoming language barriers. Further, organizations that have either been considering health equity 

directly or those that aim to do so going forward should continue to evaluate how their care processes potentially 

contribute to a widening ‘digital divide’.  

While telemedicine and portal use are not exclusive determinants in widening disparities, they facilitate easier access to 

many of the mechanisms that directly influence health, including care management, healthy decision-making, and 

medication adherence (84, 88). To ensure more equitable outcomes, additional work is necessary. Specific outreach is 

required to encourage use for underserved groups, particularly those with chronic conditions (7, 60, 88, 120). Issues arise 

with the costs involved with these tailored efforts. Providers who work in underserved communities are willing to work 

with patients on feeling comfortable with these technologies, but they are also likely to bear a large share of the burden 

when it comes to educating and training patients (7). Thus, it is important for policymakers to allocate sufficient resources 

towards both improving technology use amongst marginalized communities, but also towards supporting providers in 

charge of providing ongoing care. 

In the case of our telemedicine research, the largely null effects of care engagement, utilization, and costs suggests 

telemedicine is a cost-effective alternative to certain types of in-person care. Continued research should be done to 

identify the types of care that can be performed remotely, and how to ensure this shift doesn’t have unintended 

consequences. Additional analyses incorporating the indirect costs of telemedicine (including hardware, software, and 

training) will be valuable in getting a better picture of the funding required to support the rise in virtual care. 

There are limitations with this research. As mentioned in chapter 1, the size of the data set limits power, potentially 

obscuring true causal relationships. As mentioned in chapter 2, while the portal data can offer keen insights, the structure 

of the data set limits causal interpretation. Similar to both previous chapters, there exists the potential for unobserved 

confounding. Further, our single-state analyses may limit external validity. Finally, as we get further from COVID-19 

onset, we may better understand telemedicine and portals’ effects on long-run health and care engagement, and data 

incorporating the longer post periods will prove useful. 

Despite these limitations, this work suggests that different racial groups derive different levels of benefit from patient 

portal and telemedicine use. 
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Conclusion  

As COVID-19 shifted patient care to virtual modalities, we see some differential effects by race and ethnicity. In a 

diabetic cohort that receives care from an equity-driven Medicaid ACO, we largely see no differential effects of receiving 

care from a FQHC that uses telemedicine at higher rates. A potential exception exists between White and Hispanic 

telemedicine users, the latter of which may suffer from language barriers that can be reinforced with virtual care. Within a 

cohort of HIE members, we see that Black patients may derive more benefit from patient portals, but use them at lower 

levels. Hispanic portal users also may see more positive outcomes than white patients, but language-related issues may 

create barriers.  

Taken together, we can conclude that providers and policymakers must continue to consider how different groups of 

people interact with these technologies and how that influences ongoing care management. It is important to ensure equity 

in health technologies’ access and use by instituting programs that encourage increased used by underserved communities, 

particularly as virtual visits continues to constitute a significant portion of administered care. 
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Tables and Figures 

Table 3.1: Demographics by Treatment Group 

Demographic Low (n=18,012) Medium (n =185,897) High (n =12,216) 

Mean Age (SD) 49.5 (10.2) 50.6 (10.2) 50.2 (9.9) 

Sex, N (%) 
   

Female 10330 (57.4) 113238 (60.9) 5346 (43.8) 

Male 7682 (42.7) 72659 (39.1) 6870 (56.2) 

Race, N (%) 
   

White, NH      9794 (54.4) 45876 (24.7) 5890 (48.2) 

Black, NH 938 (5.2) 37520 (20.2) 1257 (10.3) 

Hispanic, any race 7280 (40.4) 102501 (55.1) 5069 (41.5) 

Primary Language, N 

(%) 

   

English 10498 (59) 68346 (38.5) 6113 (52.3) 

Spanish 3633 (20.4) 69391 (39.1) 3247 (27.8) 

Other Language 0 46 (0.03) 0 

Unknown 3671 (20.6) 39573 (22.3) 2322 (19.9) 

Top 5 Zipcodes, Zip 

(%) 

   

 
01420 (36.3) 01040 (8.7) 01970 (30.5) 

 
01453 (15.3) 01902 (7.7) 01960 (16.1) 

 
01440 (11) 02301 (7.1) 01930 (12.9) 

 
01301 (6.4) 02128 (4.3) 01915 (6.6) 

 
01364 (4.6) 01610 (4.3) 01902 (4.8) 

Condition, N (%) 
   

Mental Health History 14602 (81.1) 140512 (75.6) 9001 (73.7) 
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Substance Use History 9172 (50.9) 74287 (40) 5211 (42.7) 

Asthma 6338 (35.2) 59157 (31.8) 2921 (23.9) 

COPD 4516 (25.1) 36614 (19.7) 1917 (15.7) 

Cardiovascular Disease 4677 (26) 46806 (25.2) 2688 (22) 

Ischemic Heart Disease 3343 (18.6) 32578 (17.5) 1886 (15.4) 

Myocardial Infarction 609 (3.4) 8202 (4.4) 557 (4.6) 

Atrial Fibrillation 684 (3.8) 6996 (3.8) 508 (4.2) 

Cerebral Vascular 

Incident 

1117 (6.2) 13178 (7.1) 677 (5.5) 

Heart Failure 1393 (7.7) 14726 (7.9) 805 (6.6) 

Hypertension 13917 (77.3) 139153 (74.9) 9415 (77.1) 

Hyperlipidemia 10639 (59.1) 84385 (45.4) 4083 (33.4) 

Note: Each categorical variable (except for Atrial Fibrillation) is associated with FQHC category (95% level) 

Figure 3.1: FQHC Use by Race over Time 

 

Figure 3.2: FQHC Use by Treatment Group over Time 
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Table 3.3: Significant Regression Coefficients (C3, White:Black) 

 

**= Significant at 95% level, *=Significant at 90% level 

Table 3.4: Significant Regression Coefficients (C3, White:Hispanic) 

 

**= Significant at 95% level, *=Significant at 90% level 

Table 3.5: CurrentCare Demographics by Treatment Group 
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By Levels of Portal Use No Use Some Use High Use 

Observation Level   N=1,692,197   N = 204,382  N = 144,368 

Mean Portal Visits (SD) 0 (0) 6.1 (3.8) 90.1 (199) 

Mean Age (SD) 59.3 (16.4) 54 (15.7) 53.1 (15.6) 

Female (%) 1078535 (63.7) 145118 (71) 105869 (73.3) 

Race (%) 
   

White 1452472 (85.8) 190164 (93) 137086 (95) 

Black 131673 (7.8) 7006 (3.4) 3594 (2.5) 

Hispanic 108052 (6.4) 7212 (3.5) 3688 (2.6) 

3-Digit Zip: 029 (%) 552747 (32.7) 57883 (28.3) 42644 (29.5) 

Unhoused 24079 (1.4) 710 (0.4) 664 (0.5) 

Diabetes 362209 (21.4) 31448 (15.4) 19309 (13.4) 

Hypertension 960458 (56.8) 90810 (44.4) 61407 (42.5) 

Hyperlipidemia 804369 (47.5) 79580 (38.9) 54694 (37.9) 

DHH 260760 (15.4) 19986 (9.8) 13153 (9.1) 

Angina 193731 (11.5) 14614 (7.2) 10898 (7.6) 

Heart Failure 171441 (10.1) 9873 (4.8) 7323 (5.1) 

Peripheral Artery 

Disease 

16061 (1) 1188 (0.6) 709 (0.5) 

AIDS 6784 (0.4) 688 (0.3) 390 (0.3) 

Connective Tissue 

Disease 

3475 (0.2) 588 (0.3) 124 (0.1) 

Rheumatoid Arthritis 40925 (2.4) 3737 (1.8) 3396 (2.4) 

Dementia/Alzheimers 49794 (2.9) 2998 (1.5) 1969 (1.4) 

Multiple Sclerosis 14943 (0.9) 2134 (1) 1986 (1.4) 

Parkinson’s 2240 (0.1) 151 (0.1) 105 (0.1) 
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Stroke 51167 (3) 3852 (1.9) 2671 (1.9) 

Cancer 152354 (9) 14232 (7) 10718 (7.4) 

Glaucoma 41215 (2.4) 3722 (1.8) 2280 (1.6) 

Depression 290715 (17.2) 32109 (15.7) 22454 (15.6) 

Alcohol Abuse 70128 (4.1) 3626 (1.8) 3011 (2.1) 

Asthma 317939 (18.8) 35572 (17.4) 26870 (18.6) 

COPD 86303 (5.1) 4364 (2.1) 3839 (2.7) 

Chronic Kidney Disease 172863 (10.2) 13075 (6.4) 9122 (6.3) 

Note: Each categorical variable is associated with FQHC category (95% level) 

Figures 3a and 3b: Portal Use by Age and Race 

Figure 3.3a: Full Sample 

 

Figure 3.3b: Portal Users only 
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Table 3.6: Significant Regression Coefficients (CurrentCare, White:Black) 

 

**= Significant at 95% level, *=Significant at 90% level 

Table 3.7: Significant Regression Coefficients (CurrentCare, White Hispanic) 

 

**= Significant at 95% level, *=Significant at 90% level 
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Appendix: Table and Figures: 

Figure 3.A1: Visits by Modality and Telemedicine Category 

 

Figures 3.A2a-3.A2t: Un-adjusted outcome trends (White – Black) 

A2a: Outpatient Visits 

 

A2b: Outpatient (Non-FQHC) Visits 
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Figure A2c: Emergency Department Visits 

 

Figure A2d: Inpatient Visits 
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Figure A2e: Outpatient Costs 

 

Figure A2f: Outpatient Costs (Without Low – Black) 
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Figure A2g: Other Outpatient Costs 

 

Figure A2h: Other Outpatient Costs (Without Low – Black) 
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Figure A2i: Emergency Department Costs 

 

Figure A2j: Emergency Department Costs (Without Low – Black) 
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Figure A2k: Inpatient Costs 

 

Figure A2l: Inpatient Costs (Without Low – Black) 
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Figure A2m: Total Costs 

 

Figure A2n: Total Costs (Without Low – Black) 

 

Figure A2o: Systolic BP 
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Figure A2p: Diastolic BP 

 

Figure A2q: Blood Glucose 
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Figure A2r: Retina Exam Rates 

 

Figure A2s: Blood Pressure Control Rates 
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Figure A2t: Poor Blood Glucose Control Rates 

 

Figures 3.A3a-3.A3o: Un-adjusted Outcome Trends (White – Hispanic) 

Figure A3a: Outpatient Visits 
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Figure A3b: Outpatient (non-FQHC) Visits 

 

Figure A3c: Emergency Department Visits 
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Figure A3d: Inpatient Visits 

 

Figure A3e: Outpatient Costs 
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Figure A3f: Outpatient (Other) Costs 

 

Figure A3g: Emergency Department Costs 
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Figure A3h: Inpatient Costs 

 

Figure A3i: Total Costs 
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Figure A3j: Systolic Blood Pressure 

 

Figure A3k: Diastolic Blood Pressure 
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Figure A3l: Blood Glucose 

 

Figure A3m: Retina Exam 
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Figure A3n: Blood Pressure Control 

 

Figure A3o: Poor Blood Glucose Control 

0
.2

.4
.6

.8
Pr

ob
ab

ilit
y

Jan 18 Jan 19 Jan 20 Jan 21

Low - White Medium - White High - White

Low - Hispanic Medium - Hispanic High - Hispanic
Dashed Line Marks Beginning of MA COVID Outbreak

FQHC Level, T2D Patients Only
Retina Exam Rates over Time by Telemedicine Exposure

0
.2

.4
.6

.8
1

Pr
ob

ab
ilit

y

Jan 18 Jan 19 Jan 20 Jan 21

Low - White Medium - White High - White

Low - Hispanic Medium - Hispanic High - Hispanic
Dashed Line Marks Beginning of MA COVID Outbreak

FQHC Level, T2D Patients Only
BP Control Rates over Time by Telemedicine Exposure



91 
 

 

Table 3.A1: C3 Cohort Demographics 

Demographic Observations (n=216,125) Beneficiaries (n=5,509) 

FQHC-level Telehealth 

Exposure 

  

Low 18012 (8.3) 532 (9.7) 

Medium 185897 (86) 4669 (84.8) 

High 12216 (5.7) 308 (5.6) 

Mean Age (SD) 50.4 (10.2) 48.9 (10.5) 

Sex, N (%) 
  

Female 128914 (59.7) 3275 (59.5) 

Male 87211 (40.4) 2234 (40.6) 

Race, N (%) 
  

White, NH      61560 (28.5%) 1563 (28.4) 

Black, NH 39715 (18.4) 1027 (18.6) 

Hispanic, any race 114850 (53.1) 2919 (53) 

Primary Language, N (%) 
  

English 84957 (41.1) 2135 (40.4) 

Spanish 76271 (36.9) 1907 (36.1) 
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Other Language 46 (0.02) 1 (0.02) 

Unknown 45566 (22) 1241 (23.5) 

Top 5 Zipcodes, N (%) 
  

01040 16355 (7.5) 378 (6.9) 

01902 14926 (6.9) 376 (6.8) 

02301 13195 (6.1) 347 (6.3) 

02128 8085 (3.7) 206 (3.7) 

01610 7975 (3.7) 197 (3.6) 

Condition, N (%) 
  

Mental Health History 164115 (75.9) 4126 (74.9) 

Substance Use History 88670 (41) 2220 (40.3) 

Asthma 68416 (31.7) 1684 (30.6) 

COPD 43047 (19.9) 1052 (19.1) 

Cardiovascular Disease 54171 (25.1) 1357 (24.6) 

Ischemic Heart Disease 37807 (17.5) 950 (17.2) 

Myocardial Infarction 9368 (4.3) 233 (4.2) 

Atrial Fibrillation 8188 (3.8) 208 (3.8) 

Cerebral Vascular Incident 14972 (6.9) 372 (6.8) 

Heart Failure 16924 (7.8) 421 (7.6) 

Hypertension 162485 (75.2) 4107 (74.6) 

Hyperlipidemia 99107 (45.9) 2512 (45.6) 

 

Table 3.A2: CurrentCare Demographics 

 
Patient-

Months 

People 

Portal Use Levels (%)  N=2,040,947  N= 84,240 
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No use (0 Views) 1692197 (82.9) 69449 (82.4) 

Some use (1-14 Views) 204382 (10.0) 8812 (10.5) 

High Use (15+ Views) 144368 (7.1) 5979 (7.1) 

Mean Portal Visits (SD) 6.99 (57.7) 5.84 (43.4) 

Mean Age (SD) 58.3 (16.4) 55.1 (17) 

Female (%) 1329522 (65.1) 49771 (59.1) 

Race (%) 
  

White 1779722 (87.2) 73034 (86.7) 

Black 142273 (7) 5951 (7.1) 

Hispanic 118952 (5.8) 5255 (6.2) 

3-Digit Zip: 029 (%) 653274 (32) 26967 (32) 

Unhoused 25453 (1.3) 789 (0.9) 

Diabetes 412966 (20.2) 11979 (14.2) 

Hypertension 1112675 (54.5) 36746 (43.6) 

Hyperlipidemia 938643 (46) 30296 (36) 

DHH 293899 (14.4) 7915 (9.4) 

Angina 219243 (10.7) 5857 (7) 

Heart Failure 188637 (9.2) 4955 (5.9) 

Peripheral Artery Disease 17958 (0.9) 447 (0.53) 

AIDS 7862 (0.4) 237 (0.3) 

Connective Tissue Disease 4187 (0.2) 99 (0.1) 

Rheumatoid Arthritis 48058 (2.4) 1205 (1.4) 

Dementia/Alzheimers 54761 (2.7) 1699 (2) 

Multiple Sclerosis 19063 (0.9) 526 (0.6) 

Parkinson’s 2496 (0.12) 65 (0.08) 

Stroke 57690 (2.8) 1594 (1.9) 
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Cancer 177304 (8.7) 5085 (6) 

Glaucoma 47217 (2.3) 1350 (1.6) 

Depression 345278 (16.9) 10490 (12.5) 

Alcohol Abuse 76765 (3.8) 2511 (3) 

Asthma 380381 (18.6) 11743 (13.9) 

COPD 94506 (4.6) 2622 (3.1) 

Chronic Kidney Disease 195060 (9.6) 5133 (6.1) 
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Figures 3.A4a-3.A4i: Un-adjusted Outcome Trends (Black – White) 

Figure A4a: Total Encounters 

 

Figure A4b: ED Encounters 

 

Figure A4c: Inpatient Encounters 
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Figure A4d: Outpatient Encounters 

 

Figure A4e: Lab Encounters 
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Figure A4f: Blood Glucose 

 

Figure A4g: Systolic Blood Pressure 

 

Figure A4h: Diastolic Blood Pressure 
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Figure A4i: LDL 

 

Figures 3.A5a-3.A5i: Un-adjusted Outcome Trends (Black – White) 

Figure A5a: Total Encounters 
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Figure A5b: ED Encounters 

 

Figure A5c: Inpatient Encounters 
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Figure A5d: Outpatient Encounters 

 

Figure A5e: Lab Encounters 

 

Figure A5f: Blood Glucose 
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Figure A5g: Systolic BP 

 

Figure A5h: Diastolic BP 
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Figure A5g: LDL 

 

 

Figure 3.A6a-3.A6r: Lagged Pre-Trends Estimates 

Figure A6a: Encounters (Black – White) 

 

Figure A6b: Encounters (Hispanic – White) 
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Figure A6c: ED Encounters (Black – White) 

 

Figure A6d: ED Encounters (Hispanic – White) 
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Figure A6e: Inpatient Encounters (Black – White) 

 

Figure A6f: Inpatient Encounters (Hispanic – White) 

 

Figure A6g: Outpatient Encounters (Black – White) 
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Figure A6h: Outpatient Encounters (Hispanic – White) 

 

Figure A6i: Lab Encounters (Black – White) 
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Figure A6j: Lab Encounters (Hispanic – White) 

 

Figure A6k: Blood Glucose (Black – White) 

 

Figure A6m: Blood Glucose (Hispanic – White) 
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Figure A6m: Systolic BP (Black – White) 

 

Figure A6n: Systolic BP (Hispanic – White) 
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Figure A6o: Diastolic BP (Black – White) 

 

Figure A6p: Diastolic BP (Hispanic – White) 

 

Figure A6q: LDL (Black – White) 
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Figure A6r: LDL (Hispanic – White) 
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