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Longitudinal look at Super Users Risk Factors for Super Utilization Geographic context of Super Users

« Alarge portion of super-users utilize at
high rates over prolonged periods of time BaCkg round Backg round Backg round

«  Super-users differ markedly from non-
super user ER and hospital patients  There is a paucity of longitudinal data describing behavior of frequent users outside of « Majority of literature that characterizes risk factors for SUs focuses on ED frequent users * There have been few reports documenting the relationship between geographic factors and super-

+  Neighborhood doesn’t seem to play a a year (typically) during which high utilization is documented. « For those users, several characteristics and risk factors are consistently highlighted in utilization.
factor in super-utilization for this cohort of « All the literature focuses on frequent users of the ED. primary research. They are more likely to: « EXxisting reports focus on availability of resources — hospital-based versus outpatient — and whether it
super-users « Studies suggest that only a small proportion of frequent users remain in the frequent « suffer from mental health conditions and substance abuse disorders, 3:° predicts unnecessary use of the emergency department.1?

«  We recommend including factors that use category,2 3 45 emphasizing regression in utilization after less than a year.67 « be insured by Medicaid, 48 « Here we look more broadly at whether socioeconomic and diversity indicators have an effect on super-
determine medical complexity to identify  Itis not clear how longitudinal utilization varies depending on definition of super-user. * be homeless, 39 use. Furthering our knowledge on geographic predictors of super-utilization would allow us to target the
high risk cohorts - ltis not clear how “longitudinal” super-users differ from “discrete” super-users. * be poor, *° phenomenon on a neighborhood level.

« Patients who use outside of a discrete period should potentially be prioritized for « have a bimodal age distribution with peaks in the group aged 25 to 44 years and older « Houston is a diverse, yet highly segregated city along socio-economic lines. We hypothesized that
- intervention. than 65 years. measures of disparity and lower SES would positively predict super-use, while a measure like density of
I nt I'Od UCtIOn  We look at three years of continuing utilization for super-users. « ltis not clear whether these risk factors apply when considering a more complex population foreign-born individuals would be protective against super use (consistent with prior reports and more
_  We marked one year (2014) as the index year and considered utilization in two and to what extend chronic, mental health, and substance abuse contribute when broadly with the “immigrant paradox”).

* We approach research practically flagging years — 2013 and 2015 -- to track use before and after for patients fitting considered together. « We surveyed the Houston geography to visualize distribution of our neighborhood predictors and
. Questions are directed to impact selection super-user criteria. * We look at a single cross-sectional year to arrive at a sample of super-users using our subsequently build a multi-level logistic regression to see whether neighborhood-level factors would

of complex patients for intervention and « We then compared super-users who used for more than one year against those who interventipr)—based definition (see Methods) and a comparator group of patients with at least predict super-utilization.

structure of population health decision used only for a single year. one ER visit.

making « We compare them across a host of individual characteristics chosen based on prior literature
¥ has failed to include th and our experience both in bivariate comparisons and using logistic regression. Results
esults

c_or_nplexny of this populatlon..frequency of Figure 1. Census-based variables at the CT level in Harris County (ACS 2014 5yr estimates).
visits, cost thresholds do not include the Table 1- L tudinal behavior of S Users (SUS). with SUs defined b d on R |t
social and medical factors resulting in avle L. Lonhgnudinal behaviol of SUpPer-Users (SUs), = defihed based o eSUItS a. % Foreign born per CT b. % Uninsured per CT
utilization Camden Coalition derived definition (2013-2015). @
« We describe risk and long-term use to e TR characteristics — results of bivariate comparison and logistic regression results (2015). foreign_born / tot_pop D
. . . . . . Otal patients (n 8 05 - 129 ct_uninured
4,456 105,594 7,276 O p
dentify needier patients and indicate the ’ o2 ’ T Bivariate Comparisons* | Logisticregressionresults _ m 2% - 205 moo-113
role of geographic location SUs (%) 108 126 G Non Super Users b 204300
- Super Users (n=1,060) OR (95% Cl) :ﬁ-m_m-g% aos a0
(So;:)s who qualified as SUs in addition to index year 2014 _— 100 327 individual characteristics - . 50% - 75.4% B 402 - 64.4
c—— s 435 (15.2) 51.5(12.8) 0.99 (0.98,1.00)'$
e o S SUs who had =5 ER or 22 inpatient hospitalizations Gender (%)
outside of index year 2014 47.8 100 50.8 -
52.0 37-6 -
Data  Male *
2 See Methods for definition Race (%) 48.0 62.4 1.58(1.36,2.82) pct_below_pov pct_edu_nohs
. . . . . . . . _ . _ N - _Edu_
Patient data: We obtained data from a Iarge b Patients who have had at least 1 ER visit during the described time-period 13 162 ) :g:g _ ?1:3 S?Ei_g;?a:ﬁ%
urban hospital system that covers 3 . . o  Black 34.0 37.6 0.72 (0.58, 0.89)5 D 103209 m20.1%- 0%
consecutive years of visits by patients who Table 2: Risk factors for long-term SUs compared to single-year SUs - bivariate 512 45 1.04(0.83,1.29) o5 75 more
have had at least one ER visit during that comparisons and logistic regression results (2013-2015). | Oother | 3.5 2.2 0.76 (0.47, 1.24)
i isi inpati 1 Bivariatecomparisons | Logistic regression results | Insurance status (%) . . . .
tlme._Da}ta r_eflects ER visits and mpgtler_]t_ SUs who qualified onlyin  SUs who met SU criteria in OR (95% Cl) 3.2 6.7 0.97 (0.71, 1.33) Table 4. Comparing super-users to non-super-users in cross-section on neighborhood
hospitalizations only. All demographic, visit N / 957 8 - ioti T i - -
_ o _ ~ ' index year (n=695) at least one other year ndigent care 72. 41.2 0.47 (0.40, 0.55) characteristics — results of bivariate comparisons and multilevel modeling (2015).
and diagnostic information was obtained from (N=634) 110 35.6 - MLM Model 1 — Only neighborhood characteristics entered into the model
the hospital system'’s files. Patient addresses Age (mean, SD) 52.6 (13.0) £0.7 (12.4) 99 (0.98, 1.00)* 7-8 15.2 0.45 (0.36, 0-56)1 MLM Model 2 — Both neighborhood and individual characteristics entered (individual characteristics not shown)
were geocoded to enable linkage with Census Gender (%) Commeraall — 5:2 13 036 (9 21, 0.62) Non Super Users Super Users (n=1,060) MLM Model 1 MLM Model 2
m_ o ) Charlson comorbidity index (mean, SD) 0.83(1.9) 5.1(2.9) (not included) n=8E 26 OR (a£% Cl OR (0£% Cl
Data. 35:3 Sl Chronic conditions (%) " —
m 648 59.2 0.79 (0-621 1.00) _ 5 4.6 1 (1.27,1.8 )* Neighborhood characteristics
Census data: American Community Survey 5-2 4‘6*'9 2'c5)‘6* (1'72' = 477) * Neighborhood poverty rate 1.00 (1.00, 1.01) 1.00 (0.99, 1.01)
data 5-year estimates for 2014 were obtained 16.1 S - Perioheral Vascular Disease 1.7 17.1 1.67 (1 34'2 08)+ 9.6 7-5
- 42.6 36.0 1.21(0.84, 1.73) : ' | = 22.1 21.9
from FactFinder at the Census Tract level. 303 0.2 2136 (.48, 338)** = i S— 76 297
on of i 20 > 209 (0.94, 4.64) 06 42 .83 (1.2, 2.72)° 23,
Population of interest - 1/ 09 {0-94 4-54 COPD _ 16 o1 (2.07 2.64)* 30. 3.7 -
Rheumatologic conditions : g y ; ((2 o 54))* 40.1-67% — —
: : . 1. : : .37, 4. .
Unless otherwise noted, we used the followmg 6.8 7.6 1.08 (0.67, 1.74) Peptic Ulcer Disease 07 Z g i;; ‘@ Z [2*752)§ Gini index (mean, SD) 0.43 (0.06) 0.43 (0.06) 7.19 (2.00, 25.79) 2.19 (0.54, 8.93)
Camden Coalition derived definition of super- Y o8 eSS Liver Disease (mild) 42 304 2.44 (2:02,2.90)° = T R
users: 76 o 077 (0.54, 1.12) Diabetes without complications 54 - R 126 153
si tal visits i 19 05 0.22 0.06, 0.79)" Diabetes with complications - 362 T 307 323
(1) at least 10 ER visits OR 4 hospital visits in — ' : e | Paralysis 00| 0.9 5.9 2.42 (1.72, 3.40) ' '
. Charlson comorbidity 5.2 (3.2) 5.9 (3.3) 1.09 (1.05, 1.23)** — : ' 34.0 34.0
a 12-month period; index (mean, SD) Chronic Kidney Disease 4.2 49.1 4.03 (3.36, 4.83) 1 40.1-65.4% o1 —
i — Liver Disease (moderate/severe) 0.9 10.6 1.55(1.16, 2.07)$ : ' : : : ' '
: " : _ _ 24 (1.07, 1.74)* ' Neighborhood educational levels - % with 77 (1.77, 8.
(2) at least 2 chronic conditions, both of which ?f;“ta' nealth condition 48.6 551 124 (3.07, 1.74) HIV/AIDS 1.6 7.5 2.45 (1.83, 3.27)* Ie?sgtha?'lrac:-los d"} :’::1 ;°°"raGEe[‘)’e s - % wi 3.77 (1.77, 8.02) 1.31(0.57, 3.00)
cannot be mental health or substance abuse; Substance abuse disorder 34.8 44.5 1.90 (1.47, 2.46)** Mental health condition (%) — 51.5 3-21(276,3.73) 10-3 10.6
| | B SRR 03 s 238 (2:02,2.80) 152 153
3) not seeking care for oncological, obstetric, - ' ' '
(3) . J J *p<0.05 **p<0.0001 *statistically significant differences were found between SU and non-SU patients on all individual characteristics at the p<0.0001 level; 20.8 20.6
or Surg|cal reasons standard ttest and chi2 tests were uses as appropriate; neighborhood variations were not assessed using statistical techniques given 21.3 19.7
o non-independence 40.1-71.5% 32.4 34.1
Statistical methods °p<0.005 *p<0.0001 Neighborhood foreign born rate 0.24 (0.11, 0.49) 0.78 (0.34, 1.80)
vari - ] 13.0 15.5
For bivariate comparisons, the t-test was used Lessons learned and next steps 8 E
for continuous variables and the chi2 test for = o
categorical. Standard multivariate logistic - Applying stringent criteria allows for the selection of the most vulnerable and needy Lessons learned and next ste o 24.7 =
regression and multilevel logistic regression patients 40.1-75.4% 18.2 14.6
(random intercept only) were used where - A high proportion of SUs has high rates of utilization before and after an index year. « SUs differ dramatically from non-SUs: The burden of chronic disease, mental health
noted. * While some “regression to the mean” is present, this complex group of patients shows conditions, and substance abuse among SUs is astounding
Stata® version 14.21 was used for all a hlg_her degree of Ior_lgltudlna}l high use compare_d to groups re_ported n t_he literature. . Thgse result reinforce that utilizing stringent criteria selects the most vulnerable and needy LESSOI’]S |ea rned and next ste pS
statistical analyses and ArcGIS® for Desktop . Multl-yeqr super-use is associated with severgl rlsk_ factors: Latino ethnicity (although patler_1ts | | | | |
10.4 was used to create geographic IS exclusively coded), insurance status, severity of illness, and presence of mental « We highlight the medical aspects of super-use, but important social factors remain to be - Neighborhood factors do not appear to differ in bivariate comparisons (statistical tests were not conducted due to violation of
representations. health and substance abuse disorders. studied indep_endence)._ Neighborh(_)oc_l f_actors_ are significant predictors of SU in a neighborhood-factor-only model, but stop being
«  Simply using utilization thresholds fails to identify high risk cohorts. . We observe that all insurance types are protective against super-use when compared to &ge”g'caorlthgrs‘?gé%tct’;z once 'h”bdc;‘r’;]%‘f(;' ;:/SO‘LE‘C;Z\Z a Zaﬂﬁi‘im roct o suoer-Utiization. We did not find this fo be the case. This
The study was approved by the Baylor - Patients on Medicaid, with higher number of chronic conditions and a greater burden Medicaid, but few other proxies of social impacts are available Yve yp J : J . per | . -
College of Medicine Institutional Review _ _ _ _ . _ Is likely due to the fact that we only considered data from a single urban hospital system. The homogeneity of the population
5 c? of mental heglth_and sut_)stance qbuse disorders are more likely to use long-term and * Interaction between chronic conditions, mental health and substance abuse disorders, and served by this system likely obliterated neighborhood-level differences one would expect from SU and non-SU patients.
oard. should be prioritized for intervention social factors should be studied  Importantly missing from our model are access measures, like distance to ERs, hospitals, and outpatient services.
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