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Highlights 

• The ICD-10 Z code for homelessness’ (Z59.0) association with homelessness service use 

is unknown. 

• Our revealed limited concordance between Z59.0 and known service use.  

• Policy interventions encourage social determinants screening and documentation via Z 

codes.  
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ABSTRACT  

Introduction 

People experiencing homelessness have high healthcare utilization, with multiple indicators used 

to identify them in medical data. The association of the claims-based ICD-10 Z code for 

homelessness (Z59.0) with documented homelessness service use history is unknown. This study 

examined 1) Z59.0 code prevalence, 2) patterns of Z59.0 coding compared to known homeless 

service use, and 3) factors associated with Z59.0 coding.” 

 

Methods 

                  



We used Medicaid claims linked with homelessness service use recorded in the Homeless 

Management Information System for 19 New Jersey counties. The outcome of interest was the 

prevalence of Z59.0 coding on Medicaid inpatient or emergency department claims from 2016. 

A concordance framework was applied to assess the alignment between Z-coded status and 

documented homelessness service use. Binary logistic regression models identified predictors of 

Z-code-based homelessness status.   

 

Results 

Lower-bound estimates of sensitivity, positive predictive value, and Kappa-statistic suggest weak 

agreement between homelessness classification within Medicaid claims and administrative 

records of homeless services. Homeless service use histories were significantly associated with 

higher odds of being Z59.0-coded. Male sex, age over 60 years, and Medicaid expansion 

eligibility were all associated with higher odds of being Z59.0-coded. Substance use disorders 

and serious mental illnesses had the strongest associations with the presence of a Z59.0 code. 

Wide variation in use of Z-codes across hospitals was evident. 

 

Conclusions 

Estimates suggest limited agreement in the classification of homelessness between Z59.0-coded 

claims status and known homelessness service utilization. The lack of systematic use of Z codes 

for homelessness observed by our study limits their usefulness to document health outcomes for 

people experiencing homelessness.  

 

Key Words 

                  



Homelessness, social factors, Medicaid, claims data, administrative data 

  

                  



1.0 Introduction 

Social determinants of health (SDOH) are understood as social influences that have 

demonstrated effects on the health of individuals.1–3 Growing attention to SDOH has been met 

with a call by the medical community to increase screening for and address patients’ social 

needs.4 There has been a subsequent meaningful response by the health system to address 

SDOH, as demonstrated by estimates of up to $2.5 billion in programs that address these 

needs.5,6 The International Classification of Diseases, 10th revision (ICD-10) added Z Codes to 

“identify social diagnoses or barriers to health care”,7 which includes many SDOH. There is a 

lack of systematic evidence about how and when Z codes are used, to what degree Z-coding 

reflects known social needs, and whether rates of Z code uptake may be an indicator of whether 

physicians and hospitals are completing SDOH screenings. Current studies of national Medicare 

claims and state-specific Medicaid claims suggest that overall Z code utilization is low;8–11 states 

with the highest Z code documentation show that around 6.64% of claims include any Z code.9  

One study suggested that people whose records are Z-coded have four times more adverse health 

events and more than nine times the annual healthcare cost of those not  Z-coded.12  

 

Some research suggests that Z-coding for any of the codes under the Z59 parent code, connoting 

problems related to housing, is associated with higher healthcare utilization and illness burden, 

which is likely reflective of people experiencing housing instability’s underlying co-

morbidities.13 One study of Medicare beneficiaries showed Z59.0 (indicating homelessness) was 

the most commonly used Z code, appearing on 223,062 claims across the 467,136 beneficiaries 

with a Z-coded claim in 2017.11 Clinicians may be more inclined to use Z59.0 than other Z codes 

as people experiencing homelessness (PEH) have been shown to have higher burdens of 

                  



morbidity than other populations.14,15 Despite calls for increased use of Z59.0,16,17 results are 

mixed on whether healthcare providers are adequately and accurately using these codes.18,19 

Studies examining concordance between enrollees’ known homelessness and Z59.0-coded status 

in claims have identified heterogeneity in the concordance of identified groups.20–22 Generally, 

studies have suggested that Z59.0 is not a sensitive or specific indicator of homelessness, but 

could have utility in ruling-in homelessness, depending on the context.22,23 It has also been 

suggested as possibly accurate when used with other indicators, such as self-reported 

homelessness uncaptured by coding (like in patient-completed SDOH screenings)22 or combined 

with other data sources, like linked data sets or clinician notes.24  

 

This study addresses some of these gaps in evidence by analyzing the prevalence of Z59.0, 

patterns of alignment between the recording of Z59.0 in New Jersey Medicaid claims and known 

homeless service use (via the Homeless Management Information System, or HMIS), and 

demographic, clinical and homeless service use factors associated with Z59.0-coding. 

Understanding how often Z59.0 is used and what social, demographic, and housing factors are 

associated with its use is an important first step in addressing gaps in the measurement and 

utilization of information relating to critical social drivers of health.   

 

2.0 Materials & Methods 

2.1 Study Sample 

This study used individually linked data from the statewide New Jersey Medicaid Management 

Information System (MMIS) and HMIS for 19 of New Jersey’s 21 counties, contributing data to 

a common dataset for 2014-2016. MMIS includes utilization and payment data for all NJ 

                  



Medicaid recipients and provides demographic information on enrollees and ICD-10 diagnostic 

codes. The number of Medicaid beneficiaries in NJ in 2016 included 886,352 individuals, 43,054 

of whom were linked with at least one HMIS record (i.e., were recorded receiving homelessness 

services between 2014-2016).  Our analysis includes hospital inpatient and emergency 

department (ED) claims. 

 

HMIS was established by the U.S. Department of Housing and Urban Development (HUD) and 

records the type of services used by people at risk of or experiencing homelessness.25 HMIS also 

contains information on the dates of service, client health, demographic characteristics, and 

current housing status, and is the best representative data to capture the New Jersey homeless 

population– demographic trends are consistent between the New Jersey Point-In-Time 

homelessness count and HMIS,26 highlighting the overrepresentation of people of color, disabled 

people, and middle-aged people. Our analytic approach is similar to that in other studies that 

have used linked data sets to analyze medical service utilization by individuals using 

homelessness services.18,27 The study was approved by the Rutgers Institutional Review Board 

and was exempt from informed consent because it used deidentified secondary data. Hereafter, 

“linked” individuals refer to any individuals for whom there is both HMIS and MMIS data, i.e., 

anyone enrolled in NJ Medicaid who has used homeless services, and “unlinked” refers to 

individuals for whom there is only MMIS data, i.e. are Medicaid enrolled and have no registered 

homeless service use.  

 

The study population is individuals 18 or older who were enrolled in Medicaid living in the 19 

counties that contribute HMIS data. Persons living in long-term care facilities are excluded. All 

                  



analyses examined outcomes and covariates in 2016; data to identify homelessness service use 

history uses HMIS from 2014-2016.   

 

2.2 Measures 

All non-homeless service covariates were derived from MMIS claims. Person-level 

characteristics included sex, age category (18-24, 25-42, 43-59,  ≥60 years old), race/ethnicity 

(Non-Hispanic White, Non-Hispanic Black, Hispanic of any race/ethnicity, Asian, and Other) 

and Medicaid eligibility category (Aged/Blind/Disabled, Affordable Care Act (ACA) expansion, 

and other eligibility categories). Covariates derived at the person level were applied to each 

encounter, including the Chronic Illness and Disability Payment System (CDPS) score quartile,28 

total number of chronic physical health conditions derived from Chronic Conditions Warehouse 

(1, 2-3, or 4+ conditions),29 a binary indicator of the presence of a substance use disorder (SUD), 

and an indicator of a mental illness diagnosis (no mental illness, serious mental illness (SMI), or 

other mental illness). Total counts of inpatient and ED claims were calculated for each person for 

the year 2016.  

 

HMIS was used to construct two measures of homeless services utilization: 1) a binary indicator 

demonstrating use of any homeless service from 2014-2016 and 2) a categorical variable based 

on service use history from three years of HMIS data that classifies individuals in one of five 

categories: A) placed in permanent supportive housing (PSH), B) chronically homeless by HUD 

standards (at least 12 months of cumulative homelessness over three years with a qualifying 

disabling condition),30 C) potentially chronically homeless (meeting HUD standards but not 

flagged as such in HMIS), D) at-risk of chronic homelessness (individuals with a disability who 

                  



did not meet the time criteria)30, and E) all other HMIS linked individuals.31  Individuals were 

classified hierarchically, starting with group A through E. The binary HMIS link status reflects a 

broad definition of homeless-related service use, while the typology categories provide a more 

nuanced consideration of homelessness experiences.  

 

2.3 Statistical Analysis 

This is a cross-sectional analysis of 2016 hospital inpatient or ED Medicaid claims (including 

records of payments from managed care organizations to providers). The outcome of interest is 

whether MMIS inpatient or ED claims included an ICD-10 code Z59.0, indicating 

homelessness.7 This is not a formal validation study of the ICD-10 Z Code but rather an 

exploration of its use in a sample that includes individuals who have used homeless services.  

 

To determine the overall prevalence of the Z59.0 code, statistics are provided on the distributions 

of demographic, clinical, and utilization factors across all inpatient and ED claims, and also 

separated by whether claims were for individuals observed in HMIS data or not. Differences in 

distributions across characteristics were assessed for significance with Chi-squared tests. 

Additionally, the number of claims with a Z59.0 ICD-10 code and rate of Z59.0-coded claims 

per 1,000 inpatient and ED claims are reported for each demographic, clinical, and homelessness 

history category. To assess the degree of alignment between HMIS homelessness services and 

the recording of the Z59.0 code, we calculated sensitivity, positive predictive value (PPV), and 

Kappa coefficients.   

 

                  



Finally, to explore factors associated with the odds of being Z59.0-coded, binary logistic 

regression models examined how the odds of Z-coding of homelessness status in claims varied 

based on demographic characteristics, clinical factors, and homelessness history. Separate 

models were estimated for inpatient or ED claims. We calculated robust standard errors 

accounting for non-independence of observations relating to multiple claims for the same 

individuals to account for the longitudinal nature of the data. The distribution of rates of Z59.0-

coded claims was compared between NJ hospitals. 

 

Sensitivity analyses were also performed where HMIS variables were restricted to individuals 

who were (1) admitted to HMIS in the same year as the Medicaid claim, (2) admitted to HMIS in 

the same quarter as the Medicaid claim, and (3) any HMIS history, excluding Permanent 

Housing service types. 

 

3.0 Results  

3.1 Prevalence of the Z59.0 Code Across NJ Medicaid Claims 

Table 1 describes demographic and clinical characteristics distribution across inpatient and ED 

claims for adults with (n=97,577) and without (n=626,886) linked HMIS data. Differences in all 

group comparisons conducted by HMIS linkage status were statistically significant (p<0.001). 

The right panel in Table 1 presents results from our analysis of 108,532 inpatient and 615,931 

ED claims for 42,054 individuals with linked HMIS-MMIS data. Among these, there were 7,653 

Z59.0-coded claims, a rate of 10.6 Z59.0-coded claims per 1,000 HMIS linked claims.  The 

proportion of Z59.0-coded claims was significantly higher for males, people aged 43-59, Non-

Hispanic/white individuals, the ACA expansion population, those in the highest CDPS risk 

                  



quartile, individuals with 4 or more chronic physical conditions, and for people with an SUD or 

SMI diagnosis. The proportion of Z59.0-coded claims was also higher for inpatient claims and 

individuals in homeless typology category B (HUD Chronically Homeless).  

 

Figure 1 presents the distribution of Z-coding per 1,000 HMIS-linked claims across NJ hospitals 

with at least one Z59.0-coded claim (N=55 of 72 acute care general hospitals in NJ in 201632). Z-

coding per 1,000 claims showed wide variation across hospitals (more so inpatient), with a 

minimum of 2.8 Z59.0-coded claims per 1,000 claims and a maximum value of 1,585.2. Hospital 

descriptives from our data set are in appendix table 4.  

 

3.2 Lower-Bound Concordance Estimate of the Z59.0 Code 

Table 2 shows the degree of alignment between Medicaid claims’ Z59.0-coded status and HMIS 

linkage status, indicating use of any homeless-related service in inpatient admissions, ED visits, 

and both combined. We examined the proportion of claims in each of the four categories: 1) 

neither Z59.0-coded nor any linked HMIS record, 2) Z59.0-coded but no HMIS record, 3) no 

Z59.0 code but with at least one linked HMIS record, and 4) those with both a Z59.0 code and at 

least one linked HMIS record. The largest proportion of claims (86.0%) had neither indicator of 

homelessness, followed by claims with linked HMIS data but no recorded Z-code (12.9%). Only 

a small proportion of claims recorded either a Z-code or linked to an HMIS record, but not both 

(0.3% & 13.4% for ED claims, 2.1% & 10.3% for in inpatient claims). Having both a Z-code and 

HMIS recorded services was slightly more common among inpatient than ED claims (1.6% vs. 

0.4%).  

 

                  



The right panel of Table 2 displays the sensitivity and PPV of the Z-code agreement with HMIS 

homelessness service use history along with Kappa concordance coefficient between the two. 

The highest identified sensitivity was for inpatient claims at 13.1%. PPV was highest in the ED 

at 58.8%. Overall, Kappa is low (at 0.055) and suggests limited concordance, but the value was 

higher for inpatient (0.153) than ED (0.038) claims.  This degree of alignment is consistent 

across sensitivity analyses with more restrictive definitions of time period and HMIS utilization, 

available in appendix Table 1. 

3.3 Associations with being Z59.0 Coded 

Table 3 shows results of models of the odds of homelessness Z59.0-coding on ED and inpatient 

claims. Through a sequence of models, the three columns each present unadjusted odds ratios 

(ORs) and two specifications of adjusted odds ratios (AORs) that demonstrate the association of 

Z-coded status with a range of patient demographic and clinical characteristics and service 

utilization. Specifically, the first adjusted model includes demographic and clinical 

characteristics and an indicator of HMIS-linked status of the individual identified in the claim. 

The second adjusted model replaces the binary HMIS linkage variable with detailed homeless 

service use history in the typology categories described above.31   

 

Among ED claims, HMIS-linked status in Model 1 was associated with higher adjusted odds of 

being Z59.0-coded (AOR 4.44). In model 2 incorporating the homelessness typology, categories 

B (HUD chronically homeless), C (potentially HUD chronically homeless) and D (at risk of 

chronic homelessness) demonstrated the strongest association with AORs (4.14 to 7.68) 

compared to non-linked claims. Additionally, male sex (AOR 2.26), age greater than 60 years 

old (AOR 1.51), ACA expansion eligibility category (AOR 2.11) each showed significantly 

                  



higher adjusted odds of a claim being Z59.0-coded. Claims for individuals of minoritized 

racial/ethnic identities demonstrated lower adjusted odds of being Z59.0-coded than the white 

(non-Hispanic) population (with the exception of Hispanic of any race), although only Other 

race/ethnicity was statistically significant. Each CDPS risk quartile had successively 

significantly higher odds of being Z59.0-coded as homeless, with the fourth quartile 

demonstrating the highest association (AOR 2.05). A history of SUD or SMI diagnoses both 

were significantly associated with higher adjusted odds of being Z59.0-coded as homeless (AOR 

4.67 and AOR 2.91, respectively).  

  

Among the 108,532 inpatient claims, HMIS-linked status had significantly higher adjusted odds 

(AOR 3.24) of being Z59.0-coded. Examining the typology categories, B (HUD chronically 

homeless) had the highest adjusted odds (AOR 5.64) followed by claims of D (at risk of chronic 

homelessness) (AOR 5.00). Male sex (AOR 1.71), and every age category (relative to 18-24) had 

significantly higher adjusted odds of being Z59.0-coded, with the highest being for those aged 

43-59 (AOR 1.63). Hispanic race/ethnicity (AOR 0.83) and Other race/ethnicity (AOR 0.64) 

both had significantly lower adjusted odds of being Z59.0-coded. Those enrolled in Medicaid via 

the ACA expansion eligibility category had higher adjusted odds of being Z59.0-coded (AOR 

2.29). Unlike ED claims, higher CDPS risk score was associated with lower adjusted odds of 

being Z59.0-coded. Those with 2-3 chronic physical conditions (AOR 0.70) or greater than 4 

such conditions (AOR 0.42) had significantly lower adjusted odds of being Z59.0-coded relative 

to claims with no physical chronic conditions coded. In the adjusted models, having an SUD 

diagnosis had the highest AOR (8.17) and the presence of SMI had lower but still highly 

significant AORs (3.10).     

                  



   Additional sensitivity analyses are available in appendix Tables 2 and 3; broadly, patterns 

remain consistent across further restrictions in time and definition of HMIS utilization. Further 

analyses were conducted on potential collinearity among measures of diagnostic and homeless 

histories. Results of these alternative models measuring the association between chronic illness, 

CDPS risk score and behavioral health were consistent with the main models presented in the 

Tables.  

 

4.0 Discussion 

Study findings indicate that Z59.0 is, overall, infrequently used– though its use is highly 

heterogenous between hospitals. Our analyses also suggest that the estimated lower bound of 

Z59.0’s concordance with known homeless service use, measured by the Kappa coefficient, is 

limited, and overall sensitivity and PPV for Z59.0 identifying homeless service utilization is low. 

Demographically, male sex and being over age 60 were both associated with higher odds of 

being Z59.0-coded for homelessness. Across both ED and inpatient claims, known HMIS 

homeless service utilization was associated with higher odds of being Z59.0-coded, especially 

those identified as “chronically homeless” by the HUD definition. SMI and SUD also were 

associated with higher odds of a claim being Z59.0-coded. Increased CDPS score, indicating 

higher risk of utilization and spending, was associated with greater likelihood of being Z59.0-

coded in the ED but unexpectedly lower likelihood in inpatient settings.  

 

HMIS-recorded service utilization should not be considered the “gold standard” indicator of 

homelessness; in fact, there is no clear consensus on how to most arcuately identify the 

population of PEH in medical data.27,31 There are a wide variety of indicators (including Z59.0)13 

                  



used to identify homelessness in health-related data sets, including clinical sites that serve 

predominantly PEH,14 cross-sector data linkages between multiple state agencies,33 health 

system-specific EMR flags,34 or indicators based on addresses (or lack thereof) for payers.35 

Nevertheless, information from HMIS-recorded service utilization is valuable in understanding 

homeless service use experiences and the population of individuals engaged in those services, 

and linked administrative data sets using HMIS can capture the healthcare utilization of PEH 

receiving specific interventions, like PSH. This also speaks to the broader debate in the field on 

operational definitions of homelessness.36 HMIS-based indicators of homelessness, then, capture 

at least one valuable indicator of homelessness, even if it may represent an undercount of PEH 

and an underestimate potential concordance with Z59.0 with a wider definition of homelessness. 

 

Our analyses reveal a substantial group of individuals who have not accessed homeless services 

that were Z59.0-coded during hospital visits. It is possible these individuals are homeless, and 

that these codings represent people living in a place uncaptured by homeless services systems 

(cars or streets, e.g.); they could represent members of the  “hidden homeless” population that 

have unique health and social service needs that often go unrecognized by current care systems.37 

On the contrary, other validation studies have suggested that homelessness could be erroneously 

carried forward in the medical record, even after leaving homelessness, suggesting these may be 

inaccurate codings.  In total about 0.5% of claims in our data were Z59.0-coded for individuals 

whose records did not link to an HMIS record. The absence of Z59.0 coding in claims of persons 

with an HMIS record was much more common (12.9% of claims) and represents the population 

that requires better prioritization and identification for unaddressed social needs by the 

healthcare system. Critical analyses suggest that Z59.0 and other medical-system specific 

                  



homelessness indicators could identify a larger population of individuals than are currently 

identified as homeless by social services.22,23 Given this, medical systems have an opportunity to 

imagine unique interventions to assist homeless individuals not yet connected to services.   

 

Demographic characteristics associated with Z59.0-coded status in our population were 

consistent with some larger trends in homelessness, such as men being over-represented among 

PEH,38 or people over 60 increasingly representing a larger share of the homeless population.39 

Included in the definition of chronic homelessness, specifically, is having a disabling condition 

that interferes with ability to achieve stable housing.30 SMI and SUD are among the most 

common qualifying disabling conditions,40 but chronic physical illness or disability may also 

qualify.41  

 

Contrary to expectations, we found that likelihood of a claim being Z59.0-coded for Non-

Hispanic/white and for Non-Hispanic/Black individuals to be equivalent, despite the Non-

Hispanic/Black population having much higher rates of homelessness.38 This lack of difference 

persists in both of our adjusted models, though does become marginally significantly for ED 

claims. Given known racial disparities in homelessness,42 these results suggest that there may be 

disparities in Z-coding processes that warrant further investigation. Other investigations around 

sources of bias in SDOH screening more broadly have mirrored these concerns, suggesting that 

patients of minoritized racial/ethnic identities or patients who use interpreters are less likely to 

get screened.43 

 

                  



Health systems factors were also associated with the odds of being Z59.0-coded, including more 

common Z59.0-coding in inpatient claims and for individuals enrolled in Medicaid via ACA 

expansion. It’s possible that the increased proportion of Z59.0-coded inpatient claims is related 

to documenting needs in the context of high readmission rates for PEH.34 Other work has 

highlighted the important effects that ACA expansion had on allowing PEH to be able to access 

health services, while also acknowledging that expansion alone is not sufficient to address 

overall low health resource availability for this population.44  Our finding of wide variation of 

Z59.0-coding rates across hospitals, especially in inpatient stays further suggests that health 

system factors may be at play.  Future work should more closely examine drivers of cross-

hospital coding patterns. 

 

Healthy People 2020 (released in 2010) referenced social and physical environments as 

important factors to individual and community health,45 and ICD-10 codes were adopted at the 

end of 2013.  Nevertheless, our analysis, using data from 2016, was early on in all Z code 

adoption, and it is possible multiple health-systems level changes (e.g., reimbursement changes 

or recent focus on reimbursement for SDOH screening) have increased their utilization.  An 

examination of Z-coding trends for more recent periods is warranted.   

 

Our analysis has several limitations. Claims are generated as part of billing systems and do not 

provide a comprehensive picture of health or other factors that may affect risk of homelessness.42 

Importantly, Z codes were only available to be used in NJ Medicaid data as of October of 2015, 

which could potentially contribute to their underutilization. This study examined Z coding at the 

level of individual claims; future work should examine patterns of Z-coding across multiple 

                  



episodes of care. Notably for analyses such as ours, individuals with linked HMIS records may 

be receiving homelessness prevention services or rental assistance from a homelessness service 

agency and are therefore not currently homeless. We address this by using of a typology of 

homeless service use to distinguish relationships of types of homeless services used.31 HMIS 

data is also limited in that it doesn’t capture the homelessness experience of PEH not currently 

accessing services. Finally, in order to capture indicators of the severity of homelessness (e.g., 

chronic versus episodic) we compared homeless service use recorded over three years (2014-

2016) to Z coding of claims in 2016. Therefore, homelessness experiences may be 

dyssynchronous between the hospital visit and homeless service use. This analytic approach does 

not differentiate whether a person was homeless at an identified encounter, just their typology of 

homelessness during that year. This could lead to sensitivity and PPV being artificially low and 

kappa coefficient not reflective of concordance. However, our sensitivity analyses suggest these 

are consistent with true values, and even with this error, represent at least a lower bound to the 

presented values for consideration.  

 

5.0 Conclusions  

Despite the potential utility of Z codes as a tool for patient screening and addressing SDOH, they 

appear to have been underutilized;8,46,47 our analysis of inpatient and ED claims for individuals 

enrolled in Medicaid and HMIS revealed limited concordance between known homeless service 

utilization and being Z59.0-coded. Our analysis suggests the Z59.0 code is not yet likely to be a 

comprehensive tool for indicating for homelessness as an SDOH on its own, but may have utility 

in identifying the homeless population when used in conjunction with other indicators (such as 

cross-sector homelessness indicators).33 The wide variation in Z59.0 coding by facility suggests 

                  



that there might be factors worthy of examination related to site of care, and room for outreach to 

providers to increase their use. Future studies using diverse datasets are needed to continue such 

measurement validation to better identify the homeless population; further qualitative research 

will be useful for identifying factors driving the variation in Z59.0-coding practices. Policy 

interventions could be crucial in encouraging SDOH screening more broadly, especially when 

possibly linked to incentives like reimbursement.9  
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Figure 1 . Rate of Z59.0 (Homeless) Coding per 1,000 ED and Inpatient Claims for 

Individuals with Known Homeless Service Use Across New Jersey Hospitals, 2016 (n = 55)* 

 

* Whiskers show minimum and maximum number of Z59.0-coded claims across NJ Hospitals 

with at least 1 Z59.0-coded claim with two highest outliers in inpatient claims hidden to improve 

                  



visualization. Box illustrates the first through third quartile. Line in box is median number of 

Z59.0-coded claims. Data points with values at 1584.2 & 1000.0 for inpatient claims are hidden 

to improve visualization.  

 
Table 1. Characteristic & Z59.0 Coding Distribution Across  Demographic, Clinical and 

Homeless Service Use Categories in New Jersey Inpatient & Emergency Department 

Medicaid Claims, 2016a 
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Other Mental Illness  

124,139 

(17.1) 

112,469 (17.9) 11,670 (12.0) 
 

35

8 

(4.

7) 

 

2.9 
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E. All Other HMIS 

Linked    

72,358 

(9.99) 

 72,358 (74.1)  2,2

53 

(29

.4) 

31.1  

Abbreviations: ACA, Affordable Care Act; CDPS, Chronic Illness & Disability Payment System; 

HMIS, Homeless Management Information System; HUD, Department of Housing & Urban 

Development, MMIS, Medicaid Management Information System; PSH, Permanent Supportive 

Housing 

*Boldface indicates statistical significance (p<0.05)  

a Measures of age, sex, race and ethnicity, and Medicaid eligibility group were collected from 

MMIS. MMIS diagnostic data on claims were used to calculate each beneficiary’s count of 

physical chronic conditions, SMI/SUD status, and CDPS risk score.  

b Number of Medicaid beneficiaries in NJ in 2016 included 886,352 individuals, 43,054 of whom 

were linked with HMIS (i.e. received homelessness services between 2014-2016).  “Linked” 

individuals refer to any individuals for whom there is both HMIS and MMIS data, i.e. anyone 

enrolled in NJ Medicaid who has used homeless services and “unlinked” refers to individuals 

for whom there is only MMIS data, i.e. are Medicaid enrolled and have no registered homeless 

service use. 

c In order to adequately power analyses, this racial/ethnic category was created and collapsed 

multiple categories. Its composition included 233 claims for those of Unknown race/ethnicity, 

1,812 of Native American race/ethnicity, 62,882 for those of “Other” race/ethnicity.   

d Out of 27 nonbehavioral health chronic conditions, based on the Centers for Medicare and 

Medicaid Services Chronic Condition Warehouse 

                  



e Uses a previously published typology based on Cantor et al. 2020.31 Typologies were calculated 

based on 3 years of HMIS data from 2014-2016. Totals do not equal 100% because they are only 

applied in the HMIS-linked populations. 

 
 
Table 2. Sensitivity, Positive Predictive Value and Kappa Coefficient of Z59.0 

(Homelessness) Codes’ Ability to Identify Homeless Service Use in New Jersey Inpatient & 

Emergency Department Medicaid Claims, 2016a  
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Abbreviations: ED, Emergency Department; HMIS, Homeless Management Information System; 
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Table 3. Odds Ratios of Claim Being Z59.0 (Homelessness) Coded Outcome Across 

Demographic, Clinical and Homeless Service Use Characteristics in New Jersey Inpatient 

& Emergency Department Medicaid Claims, 2016a  
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001 

1.

65 

<0.

001 

1.

63 

<0.

001 

≥60 

3.2

9 

<0.0

01 

1.

53 

0.0

24 

1.

51 

0.02

4 

0.5

3 

<0.

001 

1.

62 

<0.

001 

1.

59 

<0.

001 

Race/Ethnicity (Non-

Hispanic/white Reference)      

      

Non-Hispanic/Black 

0.9

4 

0.51

7 

0.

80 

0.0

56 

0.

82 

0.07

8 

0.7

9 

<0.

001 

0.

93 

0.1

46 

0.

93 

0.1

63 

Hispanic 

0.7

6 

0.31

1 

1.

33 

0.1

77 

1.

37 

0.13

7 

0.4

7 

<0.

001 

0.

83 

0.0

18 

0.

83 

0.0

15 

Asian 

0.1

1 

<0.0

01 

0.

53 

0.1

93 

0.

54 

0.21

2 

0.1

4 

0.0

02 

0.

48 

0.2

14 

0.

48 

0.2

19 

Other 

0.3

4 

<0.0

01 

0.

63 

0.0

03 

0.

64 

0.00

4 

0.3

5 

<0.

001 

0.

63 

<0.

001 

0.

64 

<0.

001 

                  



Medicaid Eligibility Category 

(All Other Reference)      

      

Aged/Blind/Disabled 

7.6

7 

<0.0

01 

2.

00 

0.0

41 

2.

01 

0.04

3 

1.7

3 

<0.

001 

0.

99 

0.8

96 

0.

99 

0.8

68 

ACA Expansion 

9.2

4 

<0.0

01 

2.

16 

0.0

16 

2.

11 

0.01

9 

6.5

4 

<0.

001 

2.

31 

<0.

001 

2.

29 

<0.

001 

CDPS Risk Score Quartile 

(1st (Low) Reference)       

      

2nd Quartile 

4.0

4 

<0.0

01 

1.

62 

0.0

01 

1.

61 

0.00

1 

0.8

6 

0.0

69 

0.

73 

<0.

001 

0.

73 

<0.

001 

3rd Quartile 

7.1

8 

<0.0

01 

1.

78 

<0.

001 

1.

79 

<0.0

01 

0.9

9 

0.9

25 

0.

57 

<0.

001 

0.

57 

<0.

001 

4th Quartile (high) 

15.

02 

<0.0

01 

2.

08 

<0.

001 

2.

05 

<0.0

01 

0.7

0 

<0.

001 

0.

38 

<0.

001 

0.

37 

<0.

001 

Number of Chronic Physical 

Conditions, Categorical (None 

Reference)     

      

1 

1.9

4 

<0.0

01 

1.

13 

0.2

98 

1.

15 

0.22

5 

1.0

4 

0.5

33 

0.

92 

0.1

38 

0.

93 

0.1

98 

2-3 

3.3

6 

<0.0

01 

1.

28 

0.0

57 

1.

28 

0.06

3 

0.8

4 

0.0

01 

0.

69 

<0.

001 

0.

70 

<0.

001 

4 or more 

4.2

6 

<0.0

01 

0.

94 

0.7

17 

0.

93 

0.69

7 

0.3

8 

<0.

001 

0.

41 

<0.

001 

0.

42 

<0.

001 

Substance Use Disorder 

(No SUD Reference) 

19.

88 

<0.0

01 

4.

66 

<0.

001 

4.

67 

<0.0

01 

28.

63 

<0.

001 

8.

18 

<0.

001 

8.

17 

<0.

001 

Mental Illness Diagnosis (No 

Mental Illness Reference)      

      

Severe Mental Illness 

12.

53 

<0.0

01 

2.

98 

<0.

001 

2.

91 

<0.0

01 

9.3

8 

<0.

001 

3.

13 

<0.

001 

3.

10 

<0.

001 

Other Mental Illness 
2.0

5 

0.01

2 

1.

29 

0.2

18 

1.

25 

0.26

5 

0.8

3 

0.1

63 

0.

82 

0.1

21 

0.

82 

0.1

17 

Number of ED Encounters 

1.0

1 

<0.0

01 

1.

01 

<0.

001 

1.

01 

<0.0

01 

1.0

2 

<0.

001 

1.

01 

<0.

001 

1.

01 

<0.

001 

Number of Inpatient 

Encounters 

1.1

3 

<0.0

01 

0.

99 

0.5

85 

0.

99 

0.71

4 

1.0

7 

<0.

001 

1.

02 

0.0

20 

1.

02 

0.0

12 

* Boldface indicates statistical significance (p<0.05). Odds Ratios were calculated via logistic 

regression.  

a Based on analysis of N = 615,931 claims. 

b Based on analysis of N = 108,532 claims. 

Abbreviations: HMIS, Homeless Management Information System; PSH, Permanent Supportive Housing; 

HUD, Housing and Urban Development; NJFC, New Jersey Family Care; ACA, Affordable Care Act; 

CDPS, Chronic Illness & Disability Payment System; ED, Emergency Department. 
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