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Abstract

Context: Active symptom monitoring is a key component of the public health response to 

COVID-19, but these activities are resource-intensive. Digital tools can help reduce the burden of 

staff time required for active symptom monitoring by automating routine outreach activities.

Program: Sara Alert™ is an open-source, web-based automated symptom monitoring tool 

launched in April 2020 to support state, tribal, local, and territorial (STLT) jurisdictions in their 

symptom monitoring efforts.

Implementation: As of October 2021, 23 public health jurisdictions in the United States had 

used Sara Alert to perform daily symptom monitoring for over 6.1 million individuals. This 

analysis estimates staff time and cost saved in three jurisdictions that used Sara Alert as part 

of their COVID-19 response, across two use cases: monitoring of close contacts exposed to 

COVID-19 (Arkansas; Fairfax County, Virginia), and traveler monitoring (Puerto Rico).

Evaluation: A model-based approach was used to estimate the additional staff resources that 

would have been required to perform the active symptom monitoring automated by Sara Alert, if 

monitoring instead relied on traditional methods such as telephone outreach. Arkansas monitored 

283 705 individuals over a 10-month study period, generating estimated savings of 61.9–100.6 

full-time equivalent (FTE) staff, or $2 798 922–$4 548 249. Fairfax County monitored 63 989 

individuals over a 13-month study period, for an estimated savings of 24.8–41.4 FTEs, or $2 826 

939–$4 711 566. In Puerto Rico, where Sara Alert was used to monitor 2 631 306 travelers over 

the 11-month study period, estimated resource savings were 849–1698 FTEs, or $26 243 161–$52 

486 322.

Discussion: Automated symptom monitoring helped to reduce the staff time required for active 

symptom monitoring activities. Jurisdictions reported that this efficiency supported a rapid and 

comprehensive COVID-19 response even when experiencing challenges with quickly scaling up 

their public health workforce.

Keywords

COVID-19; public health administration (economics); automation; health workforce; public health 
informatics; contact tracing

Introduction

Case investigation, contact tracing, and active monitoring of potentially exposed persons 

are part of the public health response to COVID-19.1 Health departments perform symptom 

monitoring for persons at-risk for COVID-19, including close contacts identified through 

contact tracing2 or travelers arriving from affected areas. Daily active symptom monitoring 

can help improve compliance with quarantine and allow public health agencies to promptly 

identify symptomatic persons for further follow-up.3 Early public health intervention for 
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symptomatic persons allows agencies to provide treatment recommendations and isolation 

guidance faster, reducing the risk of continued exposures and transmission.4

Active symptom monitoring is resource-intensive for state, tribal, local, and territorial 

(STLT) public health staff.1,5,6,7 To address resource constraints, some health departments 

use technology to automate aspects of symptom monitoring. Sara Alert™ (MITRE 

Corporation, McLean, VA) is an open-source, web-based automated symptom monitoring 

tool launched in April 2020 to support STLT jurisdictions in their symptom monitoring 

efforts.8 Sara Alert enables public health officials to enroll individuals diagnosed with 

or at risk of developing a disease of interest (in this case, COVID-19). Once enrolled, 

individuals can report their symptoms daily through multiple platforms (eg, e-mail, text 

message, automated phone). If an individual reports symptoms or does not submit a daily 

report, the record is flagged by the system so that staff can quickly and efficiently identify 

individuals requiring follow-up for care coordination or non-response. The Sara Alert user 

interface was designed to be simple and intuitive for public health users, to enable rapid 

uptake during the COVID-19 response.

As of October 2021, 23 public health jurisdictions in the United States had used Sara Alert 

to monitor over 6.1 million individuals, performing daily symptom monitoring of persons 

at-risk for COVID-19. Groups identified for symptom monitoring vary by jurisdiction 

and include close contacts of persons with COVID-19,9 travelers,10 critical infrastructure 

employees,11 and persons in isolation with confirmed or probable cases of COVID-19. Each 

public health jurisdiction determines what populations will be included in their symptom 

monitoring effort and how to incorporate Sara Alert into its case investigation and contact 

tracing workflow, based on local public health priorities and operational considerations.

Previous reports on Sara Alert have documented the use of the tool for symptom 

monitoring,9 and other studies have estimated the overall cost of active symptom monitoring 

as part of a disease containment strategy12,13,14,15; however, none have addressed the 

potential resource savings associated with adoption and use of Sara Alert or other 

automated symptom monitoring tools. The objective of this study is to estimate the cost 

and staff resource savings among three jurisdictions that implemented automated symptom 

monitoring using Sara Alert as part of their COVID-19 response strategy.

Methods

This analysis uses a model-based approach to quantify the extent to which Sara Alert might 

improve efficiency and save costs by reducing staff hours required for active symptom 

monitoring. The analysis estimates savings over an approximately one-year study period 

in three jurisdictions that used Sara Alert to perform automated symptom monitoring as 

part of their COVID-19 response. Representatives from each jurisdiction were involved 

throughout the process, from constructing the logic of the economic model to validating 

model parameters and final estimates.

Each jurisdiction integrated Sara Alert into its COVID-19 response differently. This analysis 

includes two use cases: (1) monitoring of close contacts following confirmed or potential 
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exposure to COVID-19 (Arkansas; Fairfax County, VA); (2) monitoring travelers to 

reduce travel-related transmission, including both visitors to the jurisdiction and residents 

returning from travel outside the jurisdiction (Puerto Rico). In both use cases, the public 

health jurisdictions have clearly established actions for responding to a person reporting 

symptoms, and daily symptom monitoring can help to quickly identify which persons need 

further intervention. Jurisdictions reported that they generally followed CDC guidance for 

monitoring periods and quarantine recommendations.16

Data sources

Data for this analysis were drawn from Sara Alert system data where possible, to minimize 

the burden of data collection on jurisdictions actively engaged in responding to COVID-19. 

Jurisdictions provided records or estimates for model parameters where system data were 

not available. The data sources are detailed below.

1. Sara Alert purged data includes information about all records ever added 

to Sara Alert. After records are closed (ie, the person is no longer being 

monitored) and remain inactive for 14 days, the records are purged of identifying 

information, and only limited data elements are retained for archival purposes. 

While this source includes only a limited set of data elements, it allows for 

insights across the entire time Sara Alert has been operational (since April 2020). 

Where available, data were drawn from this source to reflect the entirety of 

the study period. However, not all variables required for analysis were captured 

in this source—these records were not created for evaluative purposes and the 

data use agreements governing what data elements could be preserved were 

determined before the initiation of this evaluation.

2. Sara Alert production data contains complete records that are either currently 

active or recently closed and not yet purged as described above. Aggregate 

values were summarized for each jurisdiction for a two-week period each 

month during April–September 2021. These periods were a convenience sample, 

reflecting data already being summarized for operational and performance 

monitoring, to reduce burden on users and developers still actively engaged in 

the COVID-19 response. In addition, periods with known data quality issues 

identified by jurisdiction staff (eg, systematic inaccuracies in data entry) were 

excluded from the analysis.

3. Jurisdiction records or estimates were used for model parameters that could 

not be drawn from Sara Alert production or purged data. These estimates were 

drawn from a variety of internal sources specific to each jurisdiction. In the case 

of Fairfax County, the jurisdiction provided all data required for the analysis.

Economic model

This analysis uses an economic model to estimate the additional staff resources that would 

have been required to perform the same volume of symptom monitoring that was automated 

by Sara Alert, if monitoring were instead done using traditional methods such as telephone 

outreach by public health staff. The same model was used for all three jurisdictions. The 
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model template, along with a detailed explanation of the calculation logic, is available as 

Supplemental Digital Content and can also be found on the Sara Alert website.8

The model begins with the volume of persons enrolled in automated symptom monitoring 

for the study period. This figure is multiplied by the average number of expected reporting 

days left in the monitoring period at the time of enrollment to determine a total volume 

of eligible reporting days for the study period. Days following a report of symptoms are 

excluded from the total volume of eligible reporting days, since persons reporting symptoms 

typically receive follow-up through more traditional manual methods.

The model calculates the total number of successfully automated reporting days, defined 

as days in which the person being monitored completed their symptom report through the 

automated system, with no staff intervention required. Due to differences in response rates 

for different reporting methods, these calculations are broken out by reporting method.

The number of successfully automated reporting days is then divided by the average volume 

of outreach per hour that a public health staffer could perform in the absence of automated 

symptom monitoring, to determine the overall staff hours saved due to automation. This 

estimate of total staff hours saved is converted to the number of full-time equivalent staff 

(FTEs) for outreach and associated data entry and supervisory staff, respectively. Finally, 

jurisdiction-specific staff cost estimates are used to calculate the cost that would have been 

incurred to pay for those FTEs.

Modeling was performed separately for each of the three jurisdictions. The specific 

parameters used to populate the model are captured in Table 1; additional detail on how 

values were calculated can be found in Supplemental Appendix 1.

Sensitivity Analysis

A sensitivity analysis was performed to identify the variables to which the overall model 

results were most sensitive. The three variables identified were (1) total number of persons 

enrolled in automated monitoring; (2) average volume of outreach per hour (ie, the cost of 

the alternative to automated messaging); (3) hourly staff cost (outreach and associated data 

entry).

Of these variables, the one subject to the most variability and uncertainty was average 

volume of outreach per hour, as this figure was based on a jurisdiction estimate rather than 

verifiable data drawn from the study period. There was significant variance and uncertainty 

in what jurisdiction staff estimated to be a realistic caseload per staff person performing 

manual outreach. Due to this uncertainty, and because the model results are highly sensitive 

to this specific variable, the model uses both high and low estimates for this parameter for 

each jurisdiction and reports results as a range.

In addition, sensitivity analysis was performed on the duration of the monitoring period for 

Puerto Rico. During the study period, Puerto Rico used a monitoring period of 14 days 

for all travelers regardless of trip duration; this is the monitoring period used in the model, 

to most accurately value the time and cost that would have been required to perform the 

same volume of outreach as was successfully automated by Sara Alert. However, since 
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approximately 55% of travelers monitored by Puerto Rico were visitors to the island, many 

of whom likely visited for less than 14 days, this likely overestimates the monitoring period 

that would have been used with manual methods. We modeled the impact of a reduced 

average monitoring period, assuming an average trip duration of five to seven days for the 

55% of the travelers who were visitors.

Results

Close contact monitoring:

Arkansas monitored 283 705 individuals over the study period, generating an estimated 

resource savings of 61.9–100.6 full time equivalent (FTE) staff, or $2 798 922–$4 548 249 

over a 10-month study period. Fairfax County monitored 63 989 individuals for an estimated 

savings of 24.8–41.4 FTEs, or $2 826 939–$4 711 566 over a 13-month study period.

Traveler monitoring:

In Puerto Rico, where Sara Alert was used to monitor 2 631 306 travelers, the estimated 

staff resources that would have been required to perform the same volume of monitoring 

manually was 849–1698 FTEs, or $26 243 161–$52 486 322 over an 11-month study period. 

Additional sensitivity analysis was performed on the duration of the monitoring period, as 

noted above. Assuming a monitoring period of five to seven days for visitors to the island 

would decrease the overall savings estimate for Puerto Rico by 32–41%, to 503–1160 FTEs, 

or $15 552 765–$35 856 817.

Table 2 presents a summary of model results by jurisdiction. Results are reported as a range 

to account for uncertainty in typical volume of outreach performed per hour by public health 

staff, as noted above.

Discussion

Our modeling analysis indicated substantial savings in each of three jurisdictions ($2 798 

922–$52 486 322 over the study period) associated with automated symptom monitoring 

using Sara Alert. Perhaps more importantly, the analysis demonstrated a substantial 

reduction in the staff time required to execute jurisdictional COVID-19 response strategies 

(25–41 FTEs in Fairfax County, 62–101 FTEs in Arkansas, and up to 1698 FTEs in Puerto 

Rico). During this phase of the COVID-19 response, availability of staff with the necessary 

training was more of a limiting factor than funding. Automated symptom monitoring helped 

to reduce the staff time required for routine activities that could be effectively automated, 

allowing jurisdictions to scale up their symptom monitoring efforts rapidly and pivot their 

limited resources to other aspects of their COVID-19 response.

Previous publications describe the cost of symptom monitoring of potentially exposed 

persons, or disease containment strategies more broadly, for recent public health responses 

to Ebola and measles in specific U.S. jurisdictions.12,13,14 It is difficult to compare those 

results to this analysis due to the extreme difference in scale of the monitoring effort (for 

example, monitoring 20 people in Maricopa County13 or 5379 people in New York City12 

following travel to an Ebola-affected area, compared with 63 989 to 2 631 306 people 
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in the examples in this analysis). Further, there are important differences in the public 

health response required for Ebola or measles relative to COVID-19, such as the need for 

clinical observations or the widespread availability of vaccination at the time of analysis. 

This analysis focuses on the resource savings for low-skill activities that can be effectively 

automated, rather than the overall cost of response.

Staff time and cost savings varied widely by jurisdiction, with the single most significant 

driver of the difference being the overall scale of the symptom monitoring effort. For 

jurisdictions monitoring close contacts, the volume of persons monitored is driven by 

population size, COVID-19 incidence, and yields from case investigation and contact tracing 

efforts. For traveler monitoring, the scale of the symptom monitoring effort is primarily 

driven by overall volume of travelers (both visitors to the jurisdiction and residents returning 

from travel outside the jurisdiction). Puerto Rico performed symptom monitoring for 2 631 

306 incoming travelers over their 11-month study period, a substantially larger volume of 

persons compared to Arkansas’s symptom monitoring of close contacts (283 705 persons 

over 10 months). The number of FTEs that Puerto Rico would have had to hire to perform 

that outreach manually (849–1698) was correspondingly greater than for Arkansas (62–101), 

despite having similarly-sized populations.17

The other most significant drivers of differences in savings between jurisdictions were (1) 

the pace at which each jurisdiction expected they could perform outreach in the absence of 

automation; (2) hourly staff cost (ie, the cost of the alternative to automated messaging); 

and, to a lesser extent, (3) response rates to automated symptom report reminders.

Jurisdictions varied significantly in what they estimated to be a realistic volume of hourly 

manual outreach per staff person, which may be due to true operational or population 

differences between jurisdictions or simply differences in how this parameter was estimated. 

The model accounts for this uncertainty by presenting results as a range, as described in the 

“Sensitivity Analysis” portion of the Methods section. The range reported by jurisdictions 

was generally more efficient than time estimates published elsewhere,7 suggesting that the 

figures are plausible or even a conservative estimate of time savings.

The hourly staff cost to perform symptom monitoring using a traditional, non-automated 

approach varied dramatically across jurisdictions based on local wage indices and whether 

the jurisdiction primarily leveraged salaried staff or temporary contract resources paid 

hourly. While this study is not a return-on-investment analysis, jurisdictions weighing the 

budget trade-offs between automated and manual approaches to symptom monitoring should 

carefully consider how their jurisdiction-specific staff costs may impact estimated savings 

from automation.

Response rates to automated symptom report reminders varied somewhat by jurisdiction, 

even after accounting for differences in reporting method, and were generally highest for 

persons enrolled in monitoring via text message and lowest for monitoring by e-mail. 

Response rates for persons who chose automated monitoring by phone were also low, but 

this was a small proportion (<1% in two of three jurisdictions) of the overall volume of 

persons monitored. Although this analysis does not assess implementation cost, it is worth 
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noting that costs incurred for text messages are higher than those for e-mail, since text 

messages are sent over cellular networks and incur carrier fees. Jurisdictions evaluating 

the budget impact of sending text messages should also consider the potential decrease 

in response rate from other methods and whether additional staff costs would need to be 

incurred to perform follow-up with those not responding to automated outreach.

Strengths

This analysis had several strengths. First, the model was developed in close partnership 

with the three jurisdictions participating in the analysis and was refined iteratively to reflect 

their local needs and implementation, as well as to focus most closely on the variables 

of most importance to jurisdictions. Second, when estimating parameters, we have taken 

a conservative estimation approach—while this may underestimate savings somewhat, it 

also increases confidence in the savings estimated. For example, when estimating the total 

volume of eligible reporting days, we excluded days following a report of symptoms, even 

though some portion of those persons would continue automated symptom monitoring. 

Third, given the limitations of the data available for analysis, we further attempted to reduce 

error in the model by simplifying the calculations as much as possible. While this loses 

some of the nuance of real-life implementation, this approach reduces opportunities for 

introducing error into the model where data are uncertain. It also strengthens the value of 

the model as a communication tool for jurisdictions and other public health organizations 

interested in understanding and articulating the potential resource savings from automated 

symptom monitoring.

Limitations

This analysis was also subject to at least six limitations in the design, execution, and 

interpretation of the findings. First, data in this analysis were not collected for evaluative 

purposes. The model has been adapted to address limitations in the data available, as 

described in more detail in the “Data Sources” and “Sensitivity Analysis” portions of 

the Methods section. Second, this analysis treats resource savings as though staff are a 

true variable cost, able to scale up and down rapidly in response to demand. This can 

be true with an hourly contract workforce but may be less applicable in situations with 

a salaried workforce, which represent a semi-variable cost. This analysis also does not 

consider other potential sources of staff resource savings such as volunteers, students, 

or in-kind support from other institutions. Third, this analysis does not model return 

on investment. Development, hosting, and messaging costs were not incurred by the 

jurisdictions that experienced resource savings—Sara Alert was provided for jurisdiction 

use free of charge during the study period. Fourth, the model does not attempt to capture 

all sources of efficiency jurisdictions gained due to available Sara Alert features, such as 

household reporting, automatic closure of records following completion of monitoring, or 

ease of use relative to previous technology. The model also does not estimate savings 

for symptom monitoring of persons in isolation, though substantial numbers of persons in 

these jurisdictions were monitored during their isolation period. Fifth, this analysis does not 

address whether the jurisdiction would realistically have been able to perform with manual 

methods the same level of outreach conducted during the study period, nor does it address 

the value that being able to perform outreach on this scale provided to their communities. 
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Finally, the savings estimate for Puerto Rico relied on a monitoring period of 14 days for all 

travelers regardless of trip duration, based on the practices in place during the study period. 

Since approximately 55% of travelers monitored by Puerto Rico were visitors to the island, 

many of whom likely visited for less than 14 days, this likely overestimates the monitoring 

period that would have been used with traditional manual methods. Assuming an average 

trip duration of five to seven days for this population of visitors would decrease the overall 

savings estimate for Puerto Rico by 32–41%.

Conclusion

This analysis demonstrated the potential for substantial cost savings associated with 

implementation of automated symptom monitoring as a part of a jurisdiction’s COVID-19 

response. Jurisdictions reported that automated symptom monitoring helped to reduce staff 

time required for activities that could be effectively automated, allowing them to focus their 

limited resources on activities that required a higher level of skill, engagement, or expertise. 

This efficiency supported a rapid and comprehensive COVID-19 response despite challenges 

with quickly scaling up their public health workforce, and reduced the need to alternately 

hire and release staff in response to changing case rates across early waves of COVID-19.

This study does not explore the comparative effectiveness of automated symptom 

monitoring relative to traditional outreach methods for key process measures such as 

participant response rates; understanding relative effectiveness would be another key 

consideration for determining the value to a jurisdiction of adopting automated tools. Further 

investigation and modeling are needed to understand how these efficiencies and resource 

savings might translate to other scenarios, such as response during subsequent COVID-19 

waves; smaller scale domestic infectious disease outbreaks (eg, measles); or monitoring 

of travelers following international exposure (eg, travelers returning from countries with 

Ebola outbreaks). Additional analysis should also assess the value that symptom monitoring 

at the scale performed during the COVID-19 response provides to jurisdictions and the 

communities they serve in terms of reduced disease transmission, health outcomes, and 

public confidence in public health institutions.

Finally, while this study focuses on a specific retrospective analysis, the general approach 

to modeling resource savings can be adapted for other purposes beneficial to public health 

practitioners. Retrospective studies can help demonstrate the value of specific investments 

to key decision-makers, such as legislators or municipal government. Modeling can also be 

performed prospectively, estimating the relative cost of different operational approaches 

to inform decision-making. While this type of modeling may be less rigorous than 

statistical approaches used for research, the simplicity allows for transparency and effective 

communication of findings. The template used for this analysis is provided as Supplemental 

Digital Content for public health practitioners to further explore and leverage these methods.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Implications for Policy and Practice

• Automated tools have the potential to reduce the time required for active 

symptom monitoring and allow public health jurisdiction staff to reallocate 

limited resources to other activities.

• Automated symptom monitoring can help to support a rapid and 

comprehensive disease response at a large scale, even when experiencing 

challenges with quickly scaling up the public health workforce.

• Public health jurisdictions should consider their local response priorities 

and staffing capacity when determining whether to incorporate automated 

symptom monitoring into their activities.

• Public health jurisdictions can leverage economic analysis approaches 

to model differences in cost and potential resource savings of different 

operational scenarios. This can support prospective decision making and 

retrospective assessment and communication about the value of investments.
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