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Though safety net programs offer important benefits, take-up is often incomplete. Using ma­
chine learning models on Medicaid data, we estimate the take-up rate for children’s Supple­
mental Security Income (SSI) and the characteristics of potentially eligible children with 
disabilities who do not receive benefits. Using more than 1,000 measures of health-care 
utilization, we estimate state-specific models that generate the probability that each child 
not receiving SSI is eligible. Using the expected number of potentially eligible children, the 
implied take-up of SSI is approximately 70 percent. Potentially eligible children have inten­
sive health-care usage, often more intensive than current child SSI recipients. 
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I. INTRODUCTION 

S ocial safety net programs are designed to help the neediest members of society 
navigate the financial challenges associated with day-to-day living. Yet take-up 

of these social programs is often incomplete, with numerous eligible people who do 
not participate (Currie, 2006). Various factors can contribute to this limited take-up 
(Ko and Moffitt, 2024). Commonly cited reasons include stigma (Celhay, Meyer, 
and Mittag, 2025), administrative burden (Herd et al., 2013), and lack of awareness 
(Chetty, Friedman, and Saez, 2013), among others. Low take-up rates mean that peo­
ple eligible for benefits are not accessing the support they need (and qualify for) 
from the program. 
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A key goal of this paper is to estimate the extent to which eligible children with 
disabilities take up Supplemental Security Income (SSI) benefits. SSI offers cash as­
sistance to low-income families in which a child has a disability. To our knowledge, 
no reliable estimates exist quantifying the SSI take-up rate, likely because it is dif­
ficult to measure the disability criterion in readily available data. Ensuring that 
these families — who face a double disadvantage stemming from both their income 
status and their child’s disability — can access the benefits for which they are eligible 
is an important goal. Children who maintain access to SSI as they enter adulthood 
are less likely to commit crimes, particularly those related to income generation like 
theft or burglary (Deshpande and Mueller-Smith, 2022). More generally, when fam­
ilies get access to a new source of income, this leads to improvements in children’s 
long-run mental health (Akee, Copeland, and Simeonova, 2024). 
Recent declines in participation in child SSI suggest that many who are eligible 

may not be participating in the program, particularly considering concurrent declines 
in children’s mental health. From 2013 to 2021, the number of child SSI recipients 
fell by nearly 20 percent. Yet the prevalence of mental health issues like major de­
pressive episodes and suicidal ideation substantially increased over this period 
(NSDUH, 2019; NCHS, 2021), though some of that increase may relate to reporting 
rather than underlying health (Corredor-Waldron and Currie, 2024). The Social Se­
curity Administration (SSA), which administers SSI, has sought to reach vulnerable 
populations to support more equitable access, though it is difficult to determine how 
to target those efforts most efficiently. One critical step to make this determination 
is to more fully understand who might potentially be eligible for the program. 
We use Medicaid data to estimate the number and characteristics of children who 

are potentially eligible but do not currently receive SSI benefits. We focus on Med­
icaid recipients for three reasons. First, the program is means-tested, so children who 
are already receiving benefits come from relatively low-income families and are thus 
presumably more likely than an average child to meet income and resource limits as­
sociated with SSI. Second, though we cannot directly observe whether someone has a 
disability that meets SSA’s criteria, measures of health-care utilization available in 
the data may suggest someone’s likely disability status. Third, because Medicaid 
recipients are already participating in a government benefits program, various as­
pects related to the fragmentation of the safety net — such as stigma or limited 
knowledge — may be a relatively smaller barrier to participation for them (Mich­
ener, 2018). 
Using machine learning tools, we identified children who are potentially eligible 

for SSI based on an array of health-care utilization measures in Medicaid data. We 
limited our analysis to states where we could reliably infer whether someone is el­
igible for SSI based on administrative data from both SSA and the Centers for Med­
icare and Medicaid Services (CMS). We found 32 “high-match” states where the 
number of child SSI recipients in Medicaid data was sufficiently similar to SSA ad­
ministrative records. To generate a probability of SSI eligibility for each child who 
was not receiving SSI, we estimated a separate random forest model in each of these 
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32 states in 2019.1 The model includes more than 1,000 health-care utilization measures. 
Our results did not change when we used data from earlier years (2017 and 2018). 
A substantial number of children are potentially eligible for SSI, with an esti­

mated take-up rate of about 70 percent. By summing the individual probabilities 
across children not receiving SSI, we can estimate the expected number of poten­
tially eligible recipients. Our preferred estimate is roughly 480,000, which excludes 
children with probabilities less than 5 percent. This corresponds to a take-up rate of 
about 70 percent — dividing the 1.16 million child SSI recipients by the current re­
cipients plus potential recipients.2 These take-up rates implicitly assume that those 
potentially eligible based on health-care claims also meet the income and resource 
criteria associated with SSI; we present results suggesting that this is indeed the case. 
The model also does not consider non-Medicaid recipients as potentially eligible, so 
may overestimate the actual take-up rate. This take-up rate is roughly consistent with 
the estimated take-up rate for other US social benefits programs like the earned in­
come tax credit, Medicaid, and the Supplemental Nutrition Assistance Program (SNAP) 
(Currie, 2006; Kopczuk and Pop-Eleches, 2007; Decker, Abdus, and Litman, 2022; 
Ko and Moffitt, 2024). It is also broadly in line with the estimated 63 percent take-up 
rate for SSI among the elderly from Davies et al. (2001), though the elderly need 
only have low income and resources but do not need to have a disability to qualify. 
Take-up rates vary across states, ranging from 68 percent in Ohio to 86 percent in 
Hawaii. Interestingly, these take-up rates are not correlated with the existing level 
of child SSI participation per capita. 
Children identified as having a high probability of potential eligibility for SSI have 

intensive health-care usage, often more intensive than current child SSI recipients. 
For example, in some states, those likeliest to be eligible for SSI had more than dou­
ble the number of prescription drug claims as current SSI recipients, who already 
have substantially higher claims than average non-SSI recipients. Such children also 
commonly have chronic conditions such as developmental delays, intellectual dis­
abilities, learning disabilities, and cerebral palsy. For example, developmental delays 
are quite rare among non-SSI recipients, but they are highly prevalent among children 
who are potentially eligible for SSI (up to nearly 75 percent of those with the highest 
probability of SSI receipt). Many claims and conditions exhibit a similar pattern, 
where SSI recipients have more intensive usage of care than non-SSI recipients, with 
differentially more intensive usage of care as the probability of SSI receipt increases. 
1 We also report results from a direct classification approach where we use this probability to create an 
indicator for whether the child is potentially eligible, with eligibility determined by the probability 
exceeding some threshold. Yet determining the precise threshold that counts as potentially eligible is 
inherently arbitrary and can lead to widely varying estimates of the take-up rate. Instead, focusing 
primarily on the expected value allows us to inherently place more weight on those with high prob­
abilities in predicting the number of children eligible for SSI. Such an approach is consistent with 
findings on the health-care utilization that ultimately use this direct classification approach, showing 
that utilization of care is typically more intensive as the probability of SSI eligibility increases. 

2 If we include all children, the implied take-up rate is 57 percent. 
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We then use these state-specific models to understand the extent to which cross-
state variation in child SSI participation stems from policy factors, as opposed to 
population factors. Using a set of four health-care claims profiles, which represent 
typical claims for an existing SSI recipient with a given condition, we estimate the 
probability of SSI receipt in each state model. If population factors (like the underly­
ing health conditions of children in a state) contributed to the cross-state variation in 
child SSI receipt, we would expect to find that people with the same condition would 
have similar predicted probabilities regardless of the state. Instead, we find that chil­
dren with the same condition have notably different probabilities of SSI receipt de­
pending on the state they live in. The cross-state variation is unrelated to the current 
level of child SSI participation. Together, these suggest that policy-specific factors  — 
such as general supports that states offer to promote enrollment, varying accep­
tance rates, local administrative burden, and more — likely play a critical role in ex­
plaining the substantial cross-state variation in current child SSI participation. 
The findings contribute to a growing literature on leveraging “big data” and ma­

chine learning approaches to enhance the delivery of social programs. For example, 
Sansone and Zhu (2023) use administrative data on people who contribute to the 
Australian social security system to predict whether people will need income sup­
port. They find machine learning techniques can effectively identify people in need, 
allowing the government to potentially reach these at-risk individuals in a timely 
fashion. Heller et al. (2024) show that using machine learning on arrest and victim­
ization data can accurately predict people’s risk of being shot in Chicago. Using 
these predictions to target social services to prevent ensuing gun violence could have 
substantial economic benefits (in addition to improving public safety). Numerous 
other papers show the potential for using machine learning to improve policy related 
to education (e.g., Chalfin et al. [2016] on identifying effective teachers to promote), 
health (e.g., Hastings, Howison, and Inman [2020] on flagging opioid prescriptions 
that might be high-risk for subsequent addictions), and tax collection (e.g., Battaglini 
et al. [2025] on effectively targeting tax audits to detect tax evasion). However, ma­
chine learning is not effective in all circumstances; for example, Bazzi et al. (2022) 
show that it is challenging to accurately predict local outbreaks of violence using de­
tailed data from Colombia and Indonesia. 
Our findings might be especially useful for policy makers in exploring ways to 

promote higher take-up of programs, such as simplifying user experiences. A wide 
literature highlights that reducing administrative burden can promote participation in 
programs. For example, in the context of SSA disability programs, Deshpande and 
Li (2019) find that the closure of SSA field offices reduced SSI and SSDI applica­
tions, both in the counties where the field office closed and in neighboring counties 
(because of increased congestion). Foote, Grosz, and Rennane (2019) find that of­
fering online applications to SSDI, which lowered the transaction costs in applying 
for benefits, led to increased rates of application. In the context of Medicaid, Fox, 
Feng, and Reynolds (2023) find that simplifying program rules to reduce learning 
and psychological costs promotes Medicaid enrollment. Numerous other papers 
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consistently find that reducing administrative burden in these and other programs 
(like SNAP) promotes enrollment, while imposing additional administrative bur­
dens reduces enrollment (e.g., Homonoff and Somerville, 2021; Heinrich et al., 
2022; Herd et al., 2023; Giannella et al., 2024). 
Linking programs may be an especially effective way to promote enrollment. 

Program recipients often receive benefits through multiple programs, with substan­
tial overlap across SSI, Medicaid, SNAP, and others (Schmidt, Shore-Shepard, and 
Watson, 2016). This, in turn, often requires families to navigate multiple complex 
processes to maintain eligibility and might lead people to fall through the cracks 
of these fragmented programs. Linking programs together may thus reduce admin­
istrative burden and help families better access the benefits for which they are eligi­
ble (Schmidt, Shore-Shepard, and Watson, 2024). In the context of programs consid­
ered here, people who qualify for SSI automatically qualify for Medicaid in most 
states. Papers such as Burns and Dague (2017) and Levere et al. (2019) have shown 
Medicaid may play an important role in motivating people to enroll in SSI. Yet in­
formation is not shared in the opposite direction. Our findings highlight that many 
Medicaid recipients are likely eligible for SSI, showing that strengthening the pro­
gram connections — such as by linking data across agencies — might help eligible 
children qualify for benefits. 
II. INSTITUTIONAL CONTEXT 

The SSI program, administered by SSA, requires recipients to meet specific dis­
ability and financial eligibility requirements. The disability criterion for children 
requires a “marked and severe functional limitation” resulting from a physical or 
mental impairment that significantly affects the child’s daily activities and is ex­
pected to last at least a year or lead to death. The eligibility requirements also include 
a limit on allowable assets and income. SSA manages a comprehensive eligibility-
determination process that involves conducting a thorough review of the child’s 
medical history, daily functioning, and financial status. Once financial eligibility 
is confirmed, the state’s Disability Determination Service evaluates the disability cri­
terion by examining health-provider information and gathering inputs from those in­
volved in the child’s daily life. Children who qualify for SSI are eligible for a cash 
payment and could qualify for services from other programs. In 2024, the federal 
maximum payment from SSI is $943 per month. 
The most common disorders for youth receiving SSI are autism spectrum disor­

ders, developmental disorders, and other mental health disorders, which can fre­
quently include attention deficit hyperactivity disorder (ADHD). About 60 percent 
of child SSI recipients have one of these three diagnoses (US SSA, 2024). The po­
tential health-care needs of children likely vary depending on diagnosis. For in­
stance, autism spectrum disorders might necessitate speech and language therapy, 
occupational therapy, behavioral therapy, and sometimes medications for associated 
symptoms. Developmental disorders may require similar treatments depending on 
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the specific condition and could also require physical therapy or specialized educa­
tional support. Mental health conditions such as ADHD often involve a combination 
of medication, behavioral therapy, and ongoing counseling or psychotherapy. Other 
less common disorders, such as nervous system and sense organ disorders (7.0 per­
cent of current child SSI recipients) and congenital anomalies (5.6 percent), likely 
require very different types of treatment to effectively manage. Our measures of 
health-care utilization based on Medicaid claims, described below, capture a broad 
range of metrics that cover the diverse sets of health-care needs that children with 
disabilities are likely to have. 
In 2021, about 1 million children received SSI; however, this number has been 

declining since 2013 (Figure 1). The program generally experienced broad increases 
since its inception in 1974, with a large expansion in the early 1990s after the Zebley 
decision.3 As part of welfare reform in 1996, the disability criterion became more 
stringent, leading to a slight reduction in participation at that time. Although the rules 
have not changed since 1996, program participation continuously increased from 
2000 to 2013 and has decreased since. 
The declining caseloads and state variations have prompted policy efforts to 

identify underserved youth. The Social Security Act authorizes SSA to collaborate 
with various entities to conduct outreach to potentially eligible populations. In re­
sponse to the significant decrease in applications during the pandemic, SSA received 
Figure 1. Child SSI participation, 1974–2021. Source: SSA (2022). 
This decision, from the 1990 Supreme Court case Sullivan v. Zebley, eased standards for children (and 
particularly children with mental disorders) to qualify for SSI (Levere, 2021). The decision required 
that children and adults face similar eligibility criteria so that children with a disability of comparable 
severity to an adult who qualified might also themselves qualify. Previously, children could only qual­
ify if their disabling condition met a specific listing of impairments, but after the decision, children 
could qualify if an individualized functional assessment determined that their condition created a 
“marked and severe functional limitation.” SSA also revised its listing of mental impairments to rec­
ognize more conditions. 

3 
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increased funding in fiscal year 2021 to enhance outreach efforts targeting potential 
child SSI applicants (US SSA, 2021). These initiatives aim to address the challenges 
associated with declining participation. 
In most states, children who receive SSI automatically qualify for health insur­

ance coverage through Medicaid, though some states have separate eligibility re­
quirements. In 34 states and the District of Columbia, a newly awarded SSI recip­
ient will also automatically be enrolled in Medicaid. However, nine states are 
known as 209(b) states, in which the Medicaid income criteria can be more strin­
gent than the SSI criteria, meaning some children who receive SSI are not eligible 
for Medicaid. To qualify for Medicaid in these states, children (and families) must 
file a separate application. An additional seven states are considered SSI states, in 
which a newly awarded SSI recipient is automatically eligible for Medicaid, but 
qualifying also requires a separate application. Thus, in these 16 states where 
SSI receipt does not automatically lead to Medicaid receipt, some children might 
receive SSI but not Medicaid. 
Medicaid is larger in scale than SSI, with eligibility primarily based on income. In 

December 2021, about 40 million children throughout the United States were en­
rolled in Medicaid (Kaiser Family Foundation, 2023). In contrast, only about 1 mil­
lion children receive SSI. Medicaid eligibility for children is relatively generous, in 
part because of the Children’s Health Insurance Program (CHIP). The latter, first es­
tablished in 1997, prompted many states to substantially increase the income eligi­
bility level, which led to many more children qualifying for Medicaid (Cohen-Ross 
et al., 2009). Children make up nearly half of the total Medicaid and CHIP recip­
ients. Income criteria are typically more generous for Medicaid than for SSI, but only 
a relatively small share of people have incomes that would lead them to qualify for 
Medicaid but not SSI: a recent study by Levere et al. (2019) indicated substantial 
overlap in the income eligibility for children who receive Medicaid and SSI. 
Both Medicaid and SSI have important local variations that influence program 

participation and, in turn, influence our modeling approach. Though all states must 
follow certain federal guidelines in developing their Medicaid programs — such as 
requiring mandatory coverage for children in families with income below 138 per­
cent of the federal poverty limit and covering certain mandatory services like hos­
pital and physician care — each state operates its own program. States therefore 
differ in the extent to which certain populations or services are covered and poten­
tially differ within state if the Medicaid program has waiver approval to do so. 
Though SSI is a federal program, several states provide an optional supplemental 
payment to children with disabilities.4 Child SSI participation also varies across 
counties and states, with much interest in the factors that drive these local differences 
According to the Policy Surveillance Program, 23 states provided an optional supplement through 
2018 (the last date of the project update). See details on state supplemental payments for child and 
adult SSI recipients at http://lawatlas.org/datasets/supplemental-security-income-for-children-with 
-disabilities. 

4 
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(e.g., Aizer, Gordon, and Kearney, 2013; Schmidt and Sevak, 2017; Levere, Witten­
burg, and Hemmeter, 2022). As discussed below, we therefore estimate a separate 
model predicting SSI eligibility among Medicaid recipients within each state. 
III. DATA 

We use administrative data covering all Medicaid claims for children under age 
18 among the universe of Medicaid beneficiaries. Specifically, we access the Trans­
formed Medicaid Statistical Information System Analytic Files (TAF) through the 
Research Data Assistance Center (ResDAC). CMS compiles this database to facil­
itate research using administrative records of Medicaid eligibility and claims. We 
conducted our analyses at the annual level focusing primarily on data from 2019, 
though results were nearly identical for 2017 and 2018. 
Medicaid data include several variables intended to capture whether a child is 

receiving SSI benefits, which is a critical element of our analysis. These include 
monthly measures of the eligibility group code, an indicator for participation in SSI, 
and an SSI status code. The eligibility group code indicates the reason the person 
is eligible for Medicaid. Reasons of “Individuals receiving SSI,” “Aged, blind, 
and disabled individuals in 209(b) states,” or “Individuals receiving mandatory state 
supplements” indicate that the person is receiving SSI. The indicator for SSI partic­
ipation is a zero or one variable, whereas if the SSI status code indicates the person 
is receiving SSI or is an SSI-eligible spouse, we consider them to be receiving SSI. 
We focus on eligibility in December only (as opposed to anytime during the year) to 
match the way SSA reports on child SSI recipients in its Annual Statistical Report, 
discussed next (US SSA, 2024). We consider each of the three SSI variables within 
the Medicaid data separately, as well as whether any of the three variables indicate 
the person is receiving SSI. We then calculate the total number of child SSI recip­
ients in each year in each state. 
For each state, we compare the number of child SSI recipients from SSA admin­

istrative statistics with the number in Medicaid data, classifying states where these 
numbers were sufficiently close as “high-match” states. We calculate the ratio of 
Medicaid child SSI recipients to SSA-reported child SSI recipients separately in 
December 2017, 2018, and 2019 using each of the four separate approaches noted in 
the previous paragraph (eligibility group, SSI indicator, SSI status, or any of these 
three). To be considered a high-match state, this ratio for a single measure had to fall 
between 0.87 and 1.13 in all three years, indicating that the numbers were within 13 per­
cent of each other.5 Among the “high-match” states, the most common metric that 
CMS maintains a Data Quality Atlas to assess the reliability of certain measures with Medicaid data 
by comparing statistics from TAF to external data sources. It characterizes the quality as being “low 
concern” for a given state if two metrics are within 10 percent of each other. We loosened this criterion 
to 13 percent because of the requirement that it consistently be close enough for all three years. This 
indicates that the metric does not only capture the level of child SSI recipients correctly but it also 
captures the evolving trend over time. 

5 
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matches the SSA published statistics is the eligibility group variable (26 of 32 states).6 

One caution with this benchmarking exercise is that it only requires the aggregate 
number of recipients to be similar across the two data sources, though the actual chil­
dren flagged as SSI recipients in Medicaid data might not be correct. 
Thirty-two states have reliable metrics of child SSI participation and are consid­

ered “high-match” states, which we then use in our analysis (Figure 2). The percent­
age of high-match states differs substantially between those where new SSI recipi­
ents automatically receive Medicaid (solid fill; 74 percent) and those where new SSI 
Figure 2. States with a reliable SSI indicator. High-match states are those where the SSI indicator 
available in Medicaid data is reliable: specifically, the number of children receiving SSI in the state 
according to Medicaid data closely matches the number of children receiving SSI in the state ac­
cording to official SSA statistics. As discussed in the text, this means the two estimates of the child 
SSI population are within 13 percent of each other in 2017, 2018, and 2019. Low-match states are 
those where the SSI indicator available in Medicaid data is not reliable, and the two estimates are 
not within 13 percent of each other in at least one year. High-match states are included in our anal­
ysis, whereas low-match states are not. Stripes indicate states in which new SSI awardees do not 
automatically receive Medicaid, because they are 209(b) states or SSI criteria states. Source: Au­
thors’ calculations using 2017–2019 TAF data and SSI Annual Statistical Report. 
In the other six states, three (Idaho, Kansas, and Minnesota) match SSA published statistics with the 
SSI indicator; one (Connecticut) matches with the SSI status; and two (South Dakota and Washing­
ton) match when considering the union of all three potential variables in Medicaid data to identify 
SSI recipients. 

6 
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recipients do not automatically receive Medicaid (striped fill; 38 percent). In these 
latter states, which are either SSI criteria states or 209(b) states, there may be SSI 
recipients who are not Medicaid recipients; some SSI recipients may therefore (cor­
rectly) not be in the Medicaid data. Thus, this difference in the share of states that 
are high match by whether the state automatically confers Medicaid is unsurprising. 
Because the “low-match” states do not have a reliable way to tell whether someone is 
currently receiving SSI, we could not use these states in our modeling procedure and 
thus omitted them from the analysis. While a natural concern may be that this leads 
us to underestimate take-up rates (because the number of actual SSI recipients is 
lower than observed in the data for some states), we show below that attempts to cor­
rect for this underestimate do not change the estimated take-up rate. 
Next, we create extensive measures of health-care utilization based on Medicaid 

eligibility and claims. We assess all four primary types of claims available in TAF 
data: inpatient, long-term care, prescription drug, and other services.7 These other 
services include categories like physician services and outpatient hospital utilization. 
We then consider a host of characteristics about the claim, including the taxonomy 
code for the provider who treated the patient,8 the type of provider who treated the 
patient,9 the type of services provided,10 the benefit type code,11 and the type of med­
ications prescribed.12 For each of these characteristics, we create variables for 
whether the child had each type of claim within the year, as well as the number of 
such claims to measure the intensity of the condition. In addition, we identify several 
other characteristics from the claims and eligibility information, such as whether the 
7	 The Data Quality Atlas also assesses reliability of variables related to all of these measures of health­
care utilization, such as claim file completeness, service use information, provider information, and 
more. However, because we use such a wide array of variables across the 32 separate state-specific 
models — including some constructed measures that draw on multiple facets of the underlying data — 
we do not restrict which variables are included in the predictive model based on the Data Quality Atlas 
assessment. In addition to the logistical challenge restricting on a case-by-case basis would pose, our ap­
proach produces models that appear to be extremely reliable (based on the measure of “area under the 
curve” discussed in Section IV). Even if the data are of poor quality for certain variables, there is no rea­
son to expect that quality to differ systematically for SSI recipients and non-SSI recipients. This sort of 
measurement error would make any such variables less predictive, which should lead the model to 
place lower weight on such unreliable variables. 

8	 This can include a grouping like “Behavioral Health and Social Service Providers” or a classification 
under that grouping like “Clinical Neuropsychologist” or “Psychologist.” In total, there are 29 unique 
groupings and 245 unique classifications. 

9	 This can include providers like “Physician” or “Speech Language Pathologist.” In total, there are 
57 unique provider types. 

10	 This can include categories like “Physicians’ services” or “Speech, hearing, and language disorders 
services (when not provided under home health services).” In total, there are 117 unique types of 
service. 

11	 This can include categories like “Physicians’ service” or “Physical Therapy and Related Services — 
Services for individuals with speech, hearing and language disorders.” In total, there are 108 unique 
benefit type codes. 

12	 We map each National Drug Code identifier, which is reported in the Medicaid data, to a unique set 
of 44 medication types, such as “ADHD Medications” or “Antidepressant medications.” 

http:prescribed.12
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pattern of claims indicates that the child has a range of comorbidities or diagnoses — 
such as learning disabilities, developmental delays, intellectual disabilities, cerebral 
palsy, and more — as well as an indicator for if the child was continuously enrolled 
for 11 or more months of the year. Finally, we also include several other measures for 
intensity of care, such as whether the child had any inpatient stays or emergency de­
partment visits and the length of those encounters. In total, we considered approxi­
mately 1,300 variables related to health-care utilization. 
A descriptive comparison indicates that child SSI recipients have much more 

intensive health-care utilization than child non-SSI recipients (Table 1).13 For ex­
ample, the claims of child SSI recipients indicate that they are on average 8 times as 
likely as non-SSI recipients to have a learning disability chronic condition (33.2 per­
cent vs. 4.0 percent), 13 times as likely to have another developmental delay chronic 
condition (18.4 percent vs. 1.4 percent), and more than 20 times as likely to have 
Table 1 

Characteristics of Child Medicaid Beneficiaries, by Receipt of SSI 

SSI Recipient Non-SSI Recipient 
Mean (% Unless Mean (% Unless 

Characteristic Otherwise Noted) Otherwise Noted) 

Learning disabilities chronic condition 33.2 4.0 
Other developmental delays chronic 

condition 18.4 1.4 
Intellectual disabilities chronic condition 10.5 0.4 
Cerebral palsy chronic condition 4.3 0.1 
Prescribed ADHD medications 28.3 4.3 
Has physician services claim 77.2 62.1 
Number of physician services claims 9.83 3.32 
Has prescription drugs claim 78.1 54.9 
Number of prescription drug claims 15.10 3.65 

Total population size 894,687 29,141,512 
13	 While this comparison of child non-SSI recipien
dren with high likelihood of eligibility cannot me
because very few children have a high likelihood
than 29 million child Medicaid beneficiaries not
bles A1–A7 are available online), about 1.4 m
SSI have a predicted probability of SSI eligibili
SSI recipients). Fewer than 100,000 have a pro
non-SSI recipients). This group therefore is too
in Table 1. This is particularly so for the indicat
where outliers cannot skew the average. 
ts includes some who are p
aningfully change the aver
 of eligibility. As shown in
 receiving SSI. As shown
illion child Medicaid ben
ty higher than 10 percent
bability higher than 40 pe
 small to meaningfully ch
or variables (such as havi
Note: Includes all child Medicaid recipients within the 32 “high-match” states. 
Source: 2019 TAF data. 
otentially eligible, chil­
age for the overall group 
 Table 1, there are more 

 below in Table A5 (Ta­
eficiaries not receiving 

 (4.6 percent of all non-
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intellectual disabilities or cerebral palsy. Child SSI recipients are prescribed ADHD 
medications 6.5 times as frequently as non-SSI recipients. Though there are small 
differences between child SSI recipients and non-SSI recipients in having a claim 
where the type of service is either physician services or prescription drugs, the big 
difference is in the intensity of usage, as measured by the number of claims: the av­
erage child SSI recipient has three times as many physician services claims and four 
times as many prescription drug claims. These differences reflect the key underlying 
factor that leads children to qualify for SSI, namely that they must have a significant 
disability. This disability, in turn, leads to intensive usage of health care. 
We also include measures of sociodemographic characteristics that are available 

in the Medicaid data. These include age, race or ethnicity, sex, and income.14 Income 
might be especially important given that the income cutoffs are relatively higher for 
Medicaid than for SSI. Some Medicaid recipients may therefore have health-care 
utilization suggesting they could be eligible for SSI, yet they may not have suffi­
ciently low family income or resources to qualify. Though income data are not 
available in many states, we present supplemental analyses from Massachusetts and 
Colorado (which have family income data that the DQ Atlas considers as “low con­
cern”) to show that our results were similar when we considered several variations 
to exclude or include income in the model to generate predicted probabilities. In par­
ticular, we do two things: (1) assess how many of the same children are above each 
probability threshold when estimating models that include and exclude income, and 
(2) assess what share of children flagged as potentially eligible have family income 
that is above 255 percent of the federal poverty limit, in models that both include and 
exclude income. 
Finally, we supplement these administrative data with measures of socioeco­

nomic characteristics at the zip code level available from the American Community 
Survey. In prior work, we found that a measure of socioeconomic deprivation at the 
local level is highly correlated with child SSI participation (Levere, Wittenburg, 
and Hemmeter, 2022). We therefore control for all the input characteristics in­
cluded in the calculation of socioeconomic deprivation, which was in turn based 
on the Area Deprivation Index; see Singh (2003) for more details. These character­
istics are all listed in Table A1. 
IV. METHODOLOGY 

The primary goal of our analysis is to identify the probability that each child 
Medicaid recipient who is not receiving SSI is, in fact, eligible. With this probability, 
we can estimate how many children are expected to be potentially eligible by sum­
ming up the probabilities across all non-SSI recipients and in turn estimate the take-
up rate for SSI. 
14	 Not all of these variables are reliably available for all states; see more information at the Data Quality 
Atlas, https://www.medicaid.gov/dq-atlas. 
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To estimate this probability of SSI eligibility, we use machine learning techniques 
that algorithmically identify the characteristics most predictive of SSI receipt based 
on current SSI recipients. Our primary approach is a random forest model (Breiman, 
2001). The random forest model offers many advantages in terms of flexibly iden­
tifying characteristics that are important predictors without overfitting, which oc­
curs when the model too closely hews to the data used in training the model but does 
not perform well out-of-sample (Mullainathan and Spiess, 2017). It creates decision 
trees by using a random set of input variables to partition the original data into 
groups that classify the object of interest, which in our setting is whether the child 
is an SSI recipient. It then creates many such trees, averaging across the various 
classifications from each tree to estimate a probability that the child is eligible 
for SSI. This procedure essentially identifies children as being potentially eligible 
for SSI if they have health-care utilization similar to that of children who are cur­
rently receiving SSI. We left out a testing sample of at least 20 percent of child Med­
icaid recipients in each state who were not used in training the model to perform 
out-of-sample validation. 
Because data availability and the way that states process health-care claims vary 

across states, we estimate a separate model for each of the 32 high-match states. For 
example, we developed a model using all children in Arkansas to estimate the prob­
ability that each child in Arkansas is eligible for SSI (leaving out 20 percent of chil­
dren as a testing sample). We then repeated this process for each of the other 31 states.15 

We use the same approach in terms of specifying the random forest model, such as 
hyperparameters (key parameters that guide how the model learns and is estimated) 
and input variables. However, the model may select different characteristics as rel­
atively more or less important in estimating the probability of SSI receipt in each 
state. This is particularly important, given that (1) Medicaid is inherently a state-
specific program and may have different procedures for processing and character­
izing claims, and (2) the reliability of certain data characteristics like income may 
differ across states. 
Our predictive models therefore account for the existing interplay of SSI and 

Medicaid within each state. For example, lower SSI participation in certain states 
could relate to stringent disability criteria or to general social factors. If low SSI par­
ticipation relates to stringent disability criteria, leading only children with the most 
severe disabilities to qualify for benefits, then the potentially eligible population will 
likely be smaller as well, as it would only include children with the most severe dis­
abilities. If, instead, low SSI participation is unrelated to the extent of health-care 
utilization, the size of the potentially eligible population might not depend on the 
15	 To ensure the model is computationally feasible, we could not include more than 1.5 million children 
in the training sample. So for states with more than 1.875 million Medicaid recipients (California, 
Florida, New York, and Texas), we randomly sampled 1.5 million children to include in the training 
sample, leaving the remaining group as the testing sample. We applied the model to calculate the 
probability of SSI receipt among all child Medicaid recipients in the state. 
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current level of SSI participation. A naive approach that attempts to model these dif­
ferences across all states could bias results. 
Though results are available for all 32 states, the results in this paper cover mod­

els from four states for simplicity of presentation: Arkansas, Louisiana, Massachu­
setts, and Colorado (we also show results for California, New York, Pennsylvania, 
and Texas — states with high population — in the online appendix). These four 
states cover a range of existing child SSI participation per capita: Arkansas and Lou­
isiana have the two highest rates of child SSI participation among high-match states 
(34.69 and 29.26 per 1,000 children, respectively); Massachusetts has roughly the 
median rate of child SSI participation (15.72 per 1,000 children); and Colorado 
has very low SSI participation (6.74 per 1,000 children).16 In addition, Massachu­
setts and Colorado have reliable income data (considered as low concern in the 
DQ Atlas), which allow us to explore the sensitivity of our findings to including in­
come in the model, as discussed previously. 
To make the estimation more tractable, we exclude rare health-care utilization 

measures from the model that do not substantively differ between SSI recipients 
and non-SSI recipients. For indicators on types of health-care utilization, we ex­
clude characteristics that meet both of the following criteria: (1) fewer than 1 per­
cent of SSI recipients and fewer than 1 percent of non-SSI recipients each have that 
type of claim, and (2) the standardized difference in the mean17 between SSI recip­
ients and non-SSI recipients is less than 2 standard deviations.18 If we exclude the 
indicator for any utilization, we then also exclude the continuous measure for the 
number of claims of that type.19 The exclusion is based on pooled data across all 
32 “high-match” states. Given that these characteristics are extremely rare and not 
extensively different between SSI and non-SSI recipients, these characteristics are 
unlikely to meaningfully affect the estimated probabilities. In total, we exclude 
760 variables, such as claims where the service provider taxonomy group is either 
“Podiatric medicine and surgery service providers” or “Dietary and nutritional ser­
vice providers.” Table A2 lists the variables most frequently ranked among the 
top 50 most important features across the 32 state-specific models in 2019. The table 
also reports the number of states for which each variable is in the top 50 for the 
16	 Among high-match states, only Wyoming (6.72 per 1,000 children) and Hawaii (4.05 per 1,000 chil­
dren) have lower rates of child SSI participation. Yet because these states are also much lower in 
population than Colorado, and thus have fewer potential SSI recipients, they are subject to issues 
related to small sample sizes. We therefore prefer to present results for Colorado as the representative 
low-participation state. 

17 To calculate the standardized difference, we calculate an effect size that divides the log odds ratio 
between SSI recipients and non-SSI recipients by 1.65. 

18 This second criterion can actually be thought of as including rare characteristics that differ substan­
tially between child SSI and non-SSI recipients. 

19	 There are a few exceptions to this: emergency department visits, emergency department visits lead­
ing to inpatient stays, inpatient stays, nursing facility stays, and behavioral health treatment services. 
In these instances, we could drop the indicator if it did not meet the criteria, but its continuous coun­
terpart would remain. 

http:deviations.18
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2017 and 2018 models. The correlation between each feature’s relative rank is 
around 0.5 between each two-year pair for the 2017, 2018, and 2019 models. To­
gether, these trends indicate relative stability in the models, even when estimating 
the model separately for different years. 
Across all states, the random forest model appears to generate reasonable and re­

liable estimates of the probability of SSI eligibility. We calculate the area under the 
curve (AUC) for each state, both overall and for the untrained observations (Ta­
ble A3); using the untrained observations validates that our model performs well 
out-of-sample. The AUC is a useful way to capture the overall diagnostic accuracy 
of a test in a single number.20 As established in Mandrekar (2010), an AUC value of 
0.7–0.8 indicates that the model is acceptable, 0.8–0.9 indicates the model is excel­
lent, and a value greater than 0.9 indicates the model is outstanding. Out of the 
32 states, 9 have scores on the untrained data that are outstanding, 22 have scores 
that are excellent, and only 1 state has a score that is acceptable. In addition, we divided 
the population of children into 20 buckets that each cover a range of 5 percent probabil­
ity (e.g., 0–5 percent estimated probability). We then calculated the percentage of chil­
dren in each bucket who are on SSI for the four main states, displaying these results in 
Figure 3. In all states, approximately 0 percent of those with the lowest probability are 
receiving SSI, as expected. About 90 percent of all non-SSI recipients have predicted 
probabilities less than 5 percent in Colorado, Louisiana, and Massachusetts (in Arkan­
sas, only about 80 percent do). As the predicted probability of SSI receipt increases, so 
does the share of children who are actually receiving SSI. For example, about 20 per­
cent of those with a predicted probability of SSI receipt in the range of 20–25 percent 
receive SSI. However, it is notable that despite the high rates of diagnostic accuracy 
indicated by the AUC, the graphs all show similar patterns of deviations tending to 
be above the 45-degree line, with overpredicting low likelihood and underpredicting 
high likelihood. This may stem from the fact that because SSI participation is so in­
frequent (overall, about 3 percent of child Medicaid recipients receive SSI; see Ta­
ble 1), the model rarely produces high probabilities — for SSI recipients or non-SSI 
recipients. Figure 3 shows that nobody in the four states has a predicted probability 
above 90 percent. Nonetheless, the general contours of this figure suggest that the 
model picks up important predictive information based on the health-care utilization 
characteristics. This pattern is also consistent when estimating the model out-of­
sample: the pattern is nearly identical using only the testing sample that was left 
out when estimating the model (Figure A1 [Figures A1–A18 are available online]). 
Figures A2 and A3 show the analogous graphs for the four states with high population. 

V. RESULTS 

We present three primary sets of results. First, we provide an estimate of the cur­
rent take-up rate for child SSI, using the expected number of potentially eligible 
20	 Intuitively, the AUC assesses the accuracy of the model’s predictions. It is based on the model’s sen­
sitivity and specificity, which depend on the ratios of true and false positives and negatives. 
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child SSI recipients. Second, we describe the characteristics of those who are poten­
tially eligible, comparing these characteristics with child SSI recipients and with 
child non-SSI recipients. Finally, we test the sensitivity of our results to the inclusion 
of income in the model. 
A. Child SSI Take-Up Rate 

The take-up rate for child SSI is approximately 70 percent. To arrive at this esti­
mate, we first calculate the expected value of the number of potentially eligible non-
SSI recipients. This entails summing the probabilities across non-SSI recipients 
with a predicted probability of at least 5 percent across the 32 high-match states. 
This leads to an expected increase of 371,662, or a 41.5 percent increase relative 
to the number of current child SSI recipients identified in the Medicaid data. Apply­
ing this percentage to the number of child SSI recipients in low-match states ex­
cluded from our analysis from SSA administrative data in 2019, 108,852 more chil­
dren could be eligible in these states. In total, this leads to our preferred estimate 
of 480,514 children who are potentially eligible but not receiving SSI (Table A4). 
That in turn corresponds to a take-up rate of 70.7 percent — by dividing the 
Figure 3. Distribution of SSI receipt by predicted probability of SSI receipt. Each point indicates the 
empirical share of children receiving SSI (on the y-axis) among each ventile of predicted SSI prob­
ability (shown on the x-axis). The 45-degree line thus represents the line of perfect fit, where we 
might expect 20–25 percent of people with a predicted probability of 20–25 percent to be actually 
receiving SSI. If no children in a state have a probability sufficiently high, that point is excluded from 
the figure (e.g., nobody in Colorado has a predicted probability above 80 percent). The difference 
between the observed values and the 45-degree line is also roughly captured by the model’s AUC, 
which is shown in Table A3. Source: Authors’ calculations using 2019 TAF data. 
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1,156,721 children receiving SSI by the 1,637,235 children estimated to be eligible 
(number receiving plus expected number potentially eligible). 
If we instead include all children in the estimate, rather than those with a probabil­

ity exceeding 5 percent, the take-up rate would be 57 percent. As noted above, it is 
extremely rare for children to have high probabilities of SSI receipt. Yet because there 
are so many children who are non-SSI recipients, summing even very small proba­
bilities across large swaths of Medicaid beneficiaries leads to a larger estimate. In 
practice, we prefer the estimate focusing only on those with a probability exceeding 
5 percent. From a policy perspective, efforts intended to promote enrollment among 
many people with such a low probability would be much more inefficient than nar­
rowly targeted efforts among those with higher probabilities. In addition, as we show 
below, even those with predicted probabilities as low as 10 percent frequently have 
health-care utilization that is similar to that of the average SSI recipient.21 

Because some states do not automatically confer Medicaid with SSI enrollment 
(the striped states in Figure 2), a concern might be that we underestimate take-up 
rates. In particular, our take-up rate estimate in each state implicitly assumes that 
the number of child SSI recipients in the state is exactly the number of child SSI 
recipients in Medicaid data (the numbers must be sufficiently close to be a high-
match state for us to estimate the state-specific take-up rate). Yet states without au­
tomatic enrollment may have more child SSI recipients, in which case the take-up 
rate would be higher. Indeed, four of the five states with the lowest values for Med­
icaid SSI recipients as a share of SSI recipients from published statistics are these 
nonautoenrollment states. 
We address this potential underestimation in two steps that confirm its effect on 

the national take-up rate estimate is minimal. First, we recalculate the state-specific 
take-up rate in the five high-match nonautoenrollment states, using the (higher) 
known number of child SSI recipients from published statistics.22 Second, we recal­
culate the national take-up rate using a weighted average of this adjusted take-up rate 
in nonautoenrollment states (72.9 percent) and in automatic enrollment states 
(70.6 percent), where the weights are based on the total number of child SSI recipients 
in each type of state (including all states, not just high-match states). As discussed ear­
lier, the nonautoenrollment states are much more likely not to be high-match states 
because not all SSI recipients need to have Medicaid, so weighting by the prevalence 
in the Medicaid data would disproportionately undercount these states. The net result 
21 Even if we restricted to only calculate the expected number of potentially eligible children using 
those with predicted probability exceeding 10 percent, the implied take-up rate would be 76.5 per­
cent (see Table A4). 

22 Importantly, both Rennane and Dick (2023) and Rupp and Riley (2016) find rates of Medicaid cov­
erage in nonautomatic enrollment rates that are only modestly lower than that in automatic enroll­
ment states, signifying that the vast majority of children in these nonautomatic enrollment states still 
receive Medicaid. This means we are not missing an even larger portion of child SSI recipients, 
which would lead this modified estimate to still be too low. 

http:statistics.22
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is a national take-up rate of 70.9 percent, essentially identical to the 70.7 percent es­
timate discussed above. 
The estimated take-up rate varies by state (Figure 4). The map in Figure 4 presents 

the take-up rate based on an estimate of the expected value of child non-SSI recip­
ients that excludes children with less than a 5 percent probability. Maps considering 
other exclusions (no exclusions, those less than 1 percent) are available in Figure A4, 
while the implied take-up rate in each state is available in Table A4. The states with 
the lowest take-up rates are Ohio (68.2 percent), Maryland (68.3 percent), New York 
(68.5 percent), and Arizona (68.7 percent). Interestingly, there is no relationship 
between a state’s current SSI participation per capita and the take-up rate: when we 
regress the take-up rate on SSI participation per capita in the state, the coefficient 
is small and not significant.23 

Our approach can also generate estimates of the take-up rate at the county level, 
which might be especially helpful for targeting outreach in specific geographic areas  
(Figure A5). Within states, the take-up rate often varies across counties. These 
county-level statistics might be helpful to policy makers in considering where to 
target outreach efforts, potentially leveraging local networks. For example, local 
Figure 4. Child SSI take-up rates (percentage). Source: Authors’ calculations using 2019 TAF data. 
23 The coefficient is also negative, indicating that in states where more children receive benefits, take-
up is lower. This is the opposite of what might be expected, where states with higher SSI participa­
tion have that higher participation because they capture more of the potentially eligible beneficiaries. 
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networks such as schools are important ways that children and families learn about 
SSI (Levere, Hemmeter, and Wittenburg, 2024). SSA has recently deployed Vul­
nerable Population Liaisons who seek to help potentially eligible people within 
highly localized areas to apply for SSI. These sorts of local-level statistics can help 
ensure that resources are targeted to achieve the greatest impact, given a larger po­
tentially eligible population. 
B. Health-Care Utilization of Potentially Eligible Child SSI Recipients 

We next summarize characteristics among the group of children who exceed a 
given probability of SSI receipt, comparing them with children currently receiving 
SSI and those not receiving SSI.24 The structure of these figures (such as Figure 5) is 
as follows: the solid line represents the average value for all child SSI recipients. The 
dashed line represents the average value for all child non-SSI recipients. Each circle 
indicates the average among all child non-SSI recipients in the state with a probabil­
ity at least that high. Note that at higher probabilities, the size of the non-SSI group 
with sufficiently high probability gets smaller. 
Health-care utilization for children with very high predicted probability of SSI 

receipt is very intensive, often more intensive than that for average child SSI recip­
ients (Figure 5). For example, in Arkansas, the average child SSI recipient had 
14.4 prescription drug claims in 2019, while the average non-SSI recipient had 
4.6 such claims. As children’s probability of SSI receipt increases, so do their aver­
age prescription drug claims. For those with at least a 10 percent probability of SSI 
receipt, the average number of prescription drug claims is 13.6 (95 percent of the SSI 
recipient mean). Meanwhile, for those with at least a 50 percent probability, the 
average number of prescription drug claims is 22.7 (67 percent higher, or 157 percent 
of the SSI recipient mean). Patterns for prescription drug claims in other states are 
mostly similar, with more such claims among SSI recipients than non-SSI recipients 
and differentially more intensive prescription drug claims with a higher probability 
of SSI receipt. In Massachusetts, children with a probability higher than 50 percent 
have more than double the average prescription drug claims of child SSI recipients in 
the state. Given that having a disability is a requirement to qualify for SSI, and that 
having a disability typically involves more intensive usage of care, it makes sense 
24	 Table A5 gives a sense of the distribution of the underlying predicted probabilities. It shows the num­
ber of children nationally not receiving SSI with a probability exceeding each threshold, as well as 
the implied take-up rate when considering the current number of SSI recipients, for the 2017, 2018, 
and 2019 models. The similarity across years shows the stability of the model. The implied take-up 
rate for 2019 depending on a given probability threshold — estimated assuming that everyone above 
a given probability threshold is in fact eligible, but not placing greater weight on those with higher 
probabilities as our primary model does — is shown in Figure A6. Table A6 reports state-specific 
numbers for 2019 only. These in turn correspond to an estimate of the number potentially eligible 
using a direct classification approach from the model because it treats everyone above the given 
thresholds as potentially eligible, regardless of the probability. 
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that those where the model is most certain of eligibility are those who (often) have the 
most intensive usage of care. 
Many of the children not currently receiving SSI with the highest probability have 

claims that signify they have developmental delays chronic conditions (Figure 6). 
This condition is quite rare among child non-SSI recipients, with fewer than 5 per­
cent having it across the four states. Yet it is highly prevalent among those potentially 
eligible for SSI; for children with the highest probability of SSI receipt, more than 
half in Arkansas and two-thirds to three-quarters in Colorado and Massachusetts 
have developmental delays chronic condition. Louisiana follows a different pattern, 
with this condition not appearing to be especially predictive of SSI receipt. Patterns 
for the presence of other chronic conditions — intellectual disabilities, learning dis­
abilities, and cerebral palsy — that are consistently found to be important features 
within the model (Table A2) follow similar general patterns (Figures A7–A9). 
The pattern of results for a given characteristic often differs across states, reinforc­

ing findings related to heterogeneous local patterns in SSI participation. For exam­
ple, the pattern of being prescribed medication for ADHD in Arkansas and Louisi­
ana mostly follows that of prescription drug claims: children with the highest 
probability of SSI receipt have higher rates of ADHD prescriptions, with the prev­
alence even higher than that of current child SSI recipients (Figure A10). Yet in 
Colorado, the pattern is the opposite: the higher the probability of SSI receipt, 
Figure 5. Number of prescription drug claims, by state, receipt of SSI, and estimated probability of 
SSI receipt. The solid line represents the average value for all child SSI recipients. The dashed line 
represents the average value for all child non-SSI recipients. Each circle indicates the average 
among all non-SSI recipients in the state with a probability at least that high. Source: Authors’ cal­
culations using 2019 TAF data. 
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the lower the rate of being prescribed ADHD medications. These patterns are broadly 
consistent with findings showing local variation in SSI eligibility and participation 
(e.g., Levere, Wittenburg, and Hemmeter, 2022). Patterns for other types of claims 
and conditions are available upon request but are omitted due to space constraints.25 
C. Importance of Income as a Predictive Variable 

Our results are similar when including or excluding family income in the predic­
tive model (Table 2). Because almost half of the states have income data considered 
“unusable” by the DQ Atlas, a concern is that if income were included in the model, 
our findings would differ, or that the model may be identifying children who are in 
fact ineligible for SSI because of high family income. However, when we estimate 
models both including and excluding income in Colorado and Massachusetts, both of 
which have income data considered low concern, we find substantial overlap in the 
Medicaid beneficiaries identified as potentially eligible for SSI. For example, our 
main model including income yields 1,507 children in Massachusetts with a predicted 
probability exceeding 30 percent. Of this group, Table 2 shows that 75.8 percent of 
Figure 6. Presence of other developmental delays chronic condition, by state, receipt of SSI, and 
estimated probability of SSI receipt. The solid line represents the average value for all child SSI re­
cipients. The dashed line represents the average value for all child non-SSI recipients. Each circle 
indicates the average among all non-SSI recipients in the state with a probability at least that high. 
Source: Authors’ calculations using 2019 TAF data. 
25 For the six patterns of claims presented in the paper and in online appendix, we also present analo­
gous graphs in Figures A11–A16 for the four states with high population: California, New York, 
Pennsylvania, and Texas. 

http:constraints.25


384 Levere and Wittenburg 
them (998) would still have predicted probability exceeding 30 percent if we reran 
the model with all the same characteristics but excluded income. 
The models also do not identify children with high family income as potentially 

eligible for SSI, even when income is not included in the predictive model (Ta­
ble A7). In Colorado, at least 98 percent of the Medicaid beneficiaries identified 
as potentially eligible at all probability thresholds between 10 and 50 percent had 
family income under 255 percent of the federal poverty limit. This is sufficiently 
low that a family might be likely to qualify for SSI: the income threshold to receive 
any SSI benefits is 235 percent of the federal poverty limit for families with one child 
and two parents and only earned income (Levere et al., 2019). In the model that ex­
cluded income, the corresponding number was at least 96 percent. In Massachusetts, 
more than 90 percent of those identified as potentially eligible were on the lower end 
of the income distribution. 
VI. UNDERSTANDING CROSS-STATE VARIATION IN CHILD 
SSI PARTICIPATION 

Numerous papers highlight that child SSI participation varies substantially across 
local areas (e.g., Aizer, Gordon, and Kearney, 2013; Schmidt and Sevak, 2017; 
Levere, Hemmeter, and Wittenburg, 2025). Variation may stem from policy, pro­
gram, and administrative factors. Such factors include the availability of other cash 
supports, the generosity of state supplemental payments, and administrative differ­
ences across local Disability Determination Services (e.g., differences in acceptance 
rates in initial applications). Variation may also stem from population factors, such as 
Table 2 

Overlap in Potentially Eligible Child SSI Beneficiaries 
between Models That Include and Exclude Income 

Predicted Probability 
Threshold (%) Colorado Massachusetts 

20 79.4 84.1 
25 78.6 79.7 
30 75.1 75.8 
35 68.4 70.3 
40 64.1 66.2 
45 49.2 60.2 
50 47.4 60.0 
Note: The numbers in the table show the percentage of child Medicaid beneficiaries 
who have a probability that exceeds the predicted probability threshold in the ran­
dom forest model that includes income as a predictor who also have a probability 
exceeding the same threshold in the random forest model that does not include in­
come as a predictor. 
Source: Authors’ calculations using 2019 TAF data. 



385 Which Medicaid Recipients Might Be Eligible for SSI? 
if characteristics of populations differ, especially in the prevalence of conditions that 
would lead children to meet the definition of disability. 
To isolate the role of population factors from the role of policy, program, and ad­

ministrative factors, we use our state-specific models to generate the predicted 
probability of SSI receipt for several fixed health-care claims profiles. Specifically, 
we first identify children who have one of four chronic conditions: ADHD, behav­
ioral disorders, other developmental disorders, and cerebral palsy. These are mostly 
nonoverlapping (i.e., the behavioral disorders are also conditioned on not having 
ADHD) but allow for the presence of other chronic conditions. Next, we find 
the typical claims behavior among child SSI recipients at the 25th percentile of cost 
among those with each condition. We focus specifically on children in North Car­
olina because it is the largest state that has a high percentage of children not covered 
by managed care plans, and thus, we could calculate the cost of claims directly.26 

Finally, we feed each of these four profiles through each of the 32 state-specific 
models to estimate the probability of SSI receipt associated with each condition 
in each state.27 The primary goal of this analysis is to show the variation across 
states given a fixed pattern of health claims, not to draw conclusions about the spe­
cific conditions (the claims patterns are not intended to be nationally representative 
of a particular condition). 
Children with the same condition and health claims experience very different 

probabilities of SSI receipt across states (Figure 7). For example, the predicted 
probability of SSI receipt for a child with other developmental disabilities ranges 
from 2.5 percent in New Mexico to 42.7 percent in Montana. For children with cerebral 
palsy, predicted probabilities range from 10.5 percent in Washington to 56.4 percent in 
West Virginia. The probability of receipt also varies within states across conditions, as 
can be seen by comparing  the same state  across the four panels. However, the likeli­
hood of receipt is typically correlated within state across conditions — the six possible 
two-way correlation coefficients across these claims profiles range from 0.69 to 0.82. 
The predicted probability of SSI receipt does not systematically vary with the 

current level of SSI participation (Figure 7). Louisiana and Arkansas, which have 
high current SSI receipt, have low predicted probabilities across all conditions. For 
26	 North Carolina has similar patterns of utilization among SSI recipients, non-SSI recipients, and po­
tentially eligible SSI recipients as the other states presented throughout the paper and the online ap­
pendix — see Figure A17. In addition, we calculate the total claim payment amounts during 2019 for 
each Medicaid beneficiary in North Carolina. Figure A18 shows the average of the annual total 
claims across various groups of Medicaid beneficiaries. Similar to the findings presented in earlier 
parts of the paper, health-care utilization is more intensive for SSI recipients than non-SSI recipients, 
with even more intensive use of care among those with high predicted probabilities of receipt. For 
example, average annual claims were nearly seven times higher for SSI recipients ($14,488) than 
for non-SSI recipients ($2,107). For children with predicted probability higher than 50 percent, av­
erage annual claims were $66,894, or more than 4.5 times as high as the average SSI recipient. 

27	 Given the differing availability of income data, we only use models that do not include the income 
variables as predictors. As discussed earlier, the inclusion of these income variables does not mean­
ingfully affect the results. 
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the four fitted regression lines shown in the figure, the estimated slopes are all close 
to zero and have p-values exceeding 0.50. The highest R-squared value for any of 
these four relationships is 0.011, signifying that the current level of child SSI par­
ticipation cannot explain the predicted probability of SSI receipt. 
Taken together, these findings indicate that variation in current child SSI partic­

ipation is likely driven by a combination of local program, policy, and administra­
tive factors rather than population factors. Children with the same condition have 
very different probabilities of SSI receipt depending on the state they live in. This 
probability is not necessarily higher in states where many children already receive 
SSI. Other state- and local-level policy factors, in turn, must contribute to the vary­
ing receipt of SSI across localities. However, identifying those specific policy-level 
factors is beyond the scope of this paper. 
VII. CONCLUSION 

We use machine learning tools to identify children potentially eligible for SSI 
based on their patterns of health-care utilization. The estimates imply that the 
take-up rate for child SSI is about 70 percent. Children most likely to be potentially 
eligible often have very intensive usage of health care, frequently exceeding those 
of current SSI recipients. Importantly, this model might underestimate the number 
Figure 7. Predicted probability of SSI receipt, by state and condition. Each point represents an 
estimate of the probability of SSI receipt in that state using the state-specific model, holding fixed 
the health-care claims associated with each condition. The gray line represents a line of best fit based  
on a linear regression. See the text for a description of how we identify the health-care claims asso­
ciated with each condition. Source: Authors’ calculations using 2019 TAF data. 
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of potentially eligible SSI recipients: the estimates are based on training a model on 
data where SSI take-up is incomplete, because of the reasons cited at the outset 
(e.g., administrative burden, limited awareness, stigma). In other words, the model 
predicts a probability of SSI eligibility, holding fixed the amount of administrative 
burden that currently exists in the program. In addition, the model only considers 
current Medicaid beneficiaries, whereas some children not receiving Medicaid may 
also be eligible for SSI. To the extent that more children are eligible, our estimate of 
the take-up rate is an upper bound. 
Given this, the critical question is how these findings can ultimately inform pol­

icy. Indeed, much of the literature on program take-up focuses on identifying the 
reasons that take-up is incomplete or policies that might increase take-up (e.g., 
Aizer, 2007; Bhargava and Manoli, 2015; Finkelstein and Notowidigdo, 2019; 
Goldin et al., 2022; Linos et al., 2022). An important first step might be data link­
ages across organizations, such as CMS and SSA. For example, if SSA could ob­
serve health-care claims and essentially replicate the analysis done here with a con­
sistently reliable measure of SSI participation, it might be able to conduct outreach 
to those likely to be eligible. Such an outreach effort would need to be mindful of 
privacy concerns. Outreach might be most effective if it occurs through existing re­
lationships, such as the child’s and family’s health-care providers. A direct data 
linkage could also be used in making disability determinations: the local disability 
determination services could use recent health-care claims in assessing whether 
someone meets SSA’s definition of disability. This might help streamline the pro­
cess, making the application simpler for the applicant (who would need to gather 
fewer medical records) and for the doctor (who would need to complete less paper­
work). A smoother information flow throughout the application process might also 
make it easier for SSA to administer SSI more effectively. For example, recent bud­
get cuts for SSA staff have led to long delays in processing applications (Romig, 
2023). Streamlining processes might help combat this trend. Such efforts may be 
particularly important given the magnitude of the potential increase in SSI recipi­
ents if a large share of these potentially eligible children were to apply. 
Increasing child SSI take-up would be costly, though it may also lead to savings in 

other forms. In 2023, the average monthly payment for children receiving SSI was 
$793.21, resulting in approximately $9.4 billion in total annual payments (US SSA, 
2024). If the number of child SSI recipients increased by 41.5 percent (the equivalent 
of going from a current take-up rate of 70.7 percent to 100 percent), that would entail 
a roughly $3.9 billion annual increase in child SSI payments. Such a calculation as­
sumes that the new child recipients would receive similar average payments as cur­
rent child SSI recipients. Yet it is also worth noting that receiving SSI may generate 
savings in other areas. Deshpande and Mueller-Smith (2022) show that the savings 
from lower SSI payments when people exit SSI are nearly entirely offset by in­
creases in the cost associated with increased criminal activity. We are unaware of re­
liable estimates as to the impacts of SSI receipt on health, while SSI receipt may 
also lead to lower labor-market activity (Deshpande, 2016; Levere, 2021). A full 
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cost-benefit analysis of the potential increased take-up, however, is beyond the scope 
of this paper. 
More generally, our results suggest that leveraging big data and machine learning 

can complement targeted outreach campaigns to boost program participation. Sim­
plifying user experiences and reducing administrative burdens have been shown to 
significantly increase enrollment (e.g., Herd et al., 2023). Research highlights that 
streamlined program rules and integrated services — where beneficiaries often 
qualify for multiple programs such as SSI, Medicaid, and SNAP — can simplify 
processes and ensure eligible individuals do not miss out (Schmidt, Shore-Shepard, 
and Watson, 2024). For example, easing Medicaid rules increases enrollments, and 
linking program data helps identify those eligible for multiple benefits, enhancing 
access. These approaches, alongside predictive capabilities of machine learning for 
identifying at-risk individuals or optimizing service delivery, represent a compre­
hensive strategy for improving program participation. 
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