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Abstract
Missed HIV medical visits predict poor clinical outcomes. We sought to identify patients at high risk of missing visits. 
We analyzed 2002–2014 data from six large US HIV clinics. At each visit, we predicted the likelihood of missing the next 
scheduled visit using demographic, clinical, and patient-reported psychosocial variables. Overall, 10,374 participants contrib-
uted 105,628 HIV visits. For 17% of visits, the next scheduled appointment was missed. The strongest predictor of a future 
missed visit was past-year missed visits. A model with only this predictor had area under the receiver operator curve = 0.65; 
defining “high risk” as those with any past-year missed visits had 73% sensitivity and 51% specificity in correctly identify-
ing a future missed visit. Inclusion of other clinical and psychosocial predictors only slightly improved performance. Past 
visit attendance can identify those at increased risk for future missed visits, allowing for proactive allocation of resources 
to those at greatest risk.
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Introduction

In recent years, considerable attention has focused on the 
HIV care continuum. Roughly half of persons diagnosed 
with HIV infection in the United States are not engaged 

in regular medical care [1]. Beyond the deleterious conse-
quences to individual health, transmission from those diag-
nosed with HIV infection but not engaged in medical care 
accounts for an estimated 61% of new HIV cases [2]. Thus, 
improving HIV care engagement represents an enormous 
opportunity to maximize both the treatment and public 
health prevention benefits of antiretroviral therapy (ART).

A number of approaches to measuring engagement and 
retention in HIV care have been used [3], with no clear gold 
standard established [4]. A common quality indicator for 
care retention evaluates whether a patient has attended 2 or 
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more HIV medical care visits over a 12-month period, with 
a minimum of 90 days between the attended visits [3]. Such 
quality indicators play a vital role from a health care policy 
perspective, but are not immediately available clinically in 
real time. In contrast, missed (“no show”) HIV medical care 
visits are captured in real time at the point of care and have 
consistently been associated with deleterious clinical out-
comes, including mortality [5, 6]. As such, missed clinic 
visits are immediately actionable by clinic staff. Proactive 
identification of patients at high risk of future no-shows and 
intervention to prevent drop-out holds promise as a cost-
effective approach to address the critical continuum gap in 
HIV care engagement.

In this paper, we use demographic, clinical and behavio-
ral data from a network of nationally distributed clinics in 
the US to develop a clinically relevant prediction model for 
identifying patients currently engaged in care who are at risk 
of missing their subsequent visit.

Methods

Data Source

Data come from the Center for AIDS Research (CFAR) 
Network of Integrated Clinical Systems (CNICS) obser-
vational clinical cohort. CNICS is a collaboration of eight 
large, geographically diverse, academically affiliated HIV 
primary care clinics [7]. Each clinic has established a data-
base capturing information routinely collected by electronic 
health records and other institutional data systems. Nearly all 
patients consent to have their data captured. Data elements 
include demographic characteristics, HIV primary care 
visit attendance (including kept vs. no-show visits), clini-
cal diagnoses, medications, and laboratory values. Data are 
de-identified and uploaded to a central CNICS repository on 
a quarterly basis. Data quality procedures have been previ-
ously described [7].

Most CNICS sites have also integrated brief patient-
reported psychosocial surveys into routine clinical care. 
Patients complete psychosocial surveys at routine HIV pri-
mary care visits approximately every 6 months. Psychoso-
cial domains assessed include depressive symptoms (Patient 
Health Questionnaire [PHQ]-9 [8]), anxiety/panic symptoms 
(PHQ-5 [9]), alcohol use (Alcohol Use Disorders Identifica-
tion Test-Clinical [10, 11]), substance use (Alcohol, Smok-
ing, and Substance Involvement Screening Test [12, 13]), 
and ART adherence (AIDS Clinical Trials Unit-4, Visual 
Analog Scale [14, 15]).

Analysis Sample

For this analysis, we included all CNICS patients with ≥ 2 
attended HIV primary care appointments in 2002–2015 at 
6 CNICS sites. Two sites were excluded that do not report 
missed visit data (n = 1) or behavioral data (n = 1). Pri-
mary analyses excluded the initial visit and were restricted 
to HIV primary care visits with a current psychosocial 
survey (“current” defined as that day or within the prior 
6 months. This definition was selected to reflect both the 
typical schedule of psychosocial surveys at CNICS sites 
and a plausible frequency of such assessments in routine 
HIV clinical care. Secondary analyses that did not rely 
on psychosocial measures included all patients and visits.

Measures

Our primary aim was to develop a predictive model for 
whether a patient would attend versus miss (no-show) a 
given scheduled HIV primary care appointment. Consist-
ent with previous work in this area, scheduled appoint-
ments that were canceled by the patient or rescheduled by 
the clinic were excluded from consideration; appointments 
pro-actively canceled by the patient are assumed to reflect 
a different process (recognizing a conflict in advance and 
calling to cancel) than appointments for which the patient 
does not show without notification (understood to reflect 
either forgetting the appointment or behavioral constructs 
related to social norms and social responsibility) [3, 4, 16, 
17]. Attended versus missed appointments were identified 
from institutional databases captured in CNICS.

Potential predictors of missed visits were defined a pri-
ori from three categories: demographic and contextual, 
clinical, and psychosocial characteristics. Demographic 
and contextual variables included site, age (time-updated), 
current gender, race/ethnicity (White non-Hispanic, 
Black non-Hispanic, Hispanic, or other), HIV risk group 
(male-to-male sex, injection drug use, heterosexual sex, 
or other), and health insurance type (private, public, or 
uninsured). Time-updated clinical characteristics defined 
for each kept appointment date included most recent CD4 
count, most recent HIV RNA viral load, current ART sta-
tus (taking vs. not taking ART), time in care at the CNICS 
site, and the number of missed visits and the missed visit 
proportion (MVP) in the 12 months prior to the appoint-
ment date. The MVP is calculated as the proportion of all 
scheduled HIV primary care visits in a period of time that 
were missed, after excluding canceled and rescheduled 
visits (i.e., missed visits divided by missed plus attended 
visits) [4]. MVP was not calculated for visits in the first 
year. Time-updated psychosocial characteristics included 
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PHQ-9 total depressive symptom severity score, PHQ-5 
total anxiety/panic symptom score, AUDIT-C total alco-
hol use score, recent illicit drug use (any vs. none, not 
considering marijuana use), and ART adherence (any vs. 
no reported missed doses in the past month). Results were 
substantively unchanged in analyses considering two alter-
nate definitions of ART adherence: no reported missed 
doses in the past 2 weeks, and no reported missed doses 
in the past week.

Analyses

The unit of analysis was each attended visit (thus, a patient 
could be represented in the analysis multiple times). For 
each attended visit, the outcome was defined as whether the 
subsequent scheduled visit was attended or a no-show. We 
began with bivariate comparisons of each potential predictor 
with the probability of no-show at the next visit. Henceforth, 
we refer to this probability as the “no-show risk” (a probabil-
ity at the level of the scheduled appointment, not at the level 
of the individual). We evaluated the linearity assumption for 
each continuous or ordinal predictor, and used non-linear or 
categorical terms if indicated. We selected restricted cubic 
splines for age, CD4 count, and HIV RNA viral load (with 
an additional indicator term for suppressed [< 75 copies/
mL] vs. non-suppressed viral load) and categorical specifi-
cations for past-year MVP (0, 1–25, 26–50, 51–99, 100%), 
depressive severity (no [0–4], mild [5–9], moderate [10–14], 
moderately severe [15–19], or severe depressive symptoms 
[20–27]), anxiety/panic symptoms (PHQ-5 total score = 5 
vs. < 5), and AUDIT-C total alcohol use score (no drink-
ing [0], non-hazardous drinking [1–3 for men and 1–2 for 
women], or hazardous drinking [≥ 4 for men and ≥ 3 for 
women]). We further combined ART status and adherence 
into a single 3-level categorical variable (not on ART, on 
ART and adherent, on ART and non-adherent).

We then fit a series of multivariable predictive logistic 
regression models, using the probability of no-show at the 
next visit as the outcome and including predictors in stages 
based on a priori considerations. We fit (1) a model with 
past-year number of missed visits as the sole predictor, (2) 
a model with past-year missed visits and demographic and 
clinical variables, and (3) a model with all predictors. Our 
primary analyses focused on the number rather than propor-
tion of missed visits as a more readily calculable measure at 
the point of care. In secondary models, we restricted atten-
tion to those in CNICS care ≥ 1 year and fit models using the 
MVP rather than number of missed visits. We used a robust 
variance estimator to account for multiple visits per person.

To avoid overly optimistic performance estimates that can 
be induced by evaluating a predictive model in the same 
sample in which it was developed, we employed tenfold 
cross-validation [18]. In this method, the predictive model 

is developed in 90% of the sample and its performance is 
evaluated in the remaining 10%; this process is repeated 10 
times, each time excluding a different 10%, and the result-
ing estimates are averaged. Cross-validation is one of two 
methods of predictive model evaluation with the least bias 
and variance in simulations [18].

We compared the predictive ability of the different mod-
els of no-show risk by plotting receiver-operator character-
istic (ROC) curves and comparing the area under the ROC 
curve (AUC). From each model, a predicted probability or 
risk score was calculated for each observation. To summa-
rize each risk score’s predictive ability, we report sensitiv-
ity and specificity for one cutpoint. Since we expected that 
sensitivity would be more highly valued than specificity in 
applications of such a risk score but that moderate specific-
ity would still be important, we selected the cutpoint that 
had the highest sensitivity while maintaining a specificity 
of ≥ 50%. We report bootstrapped 95% confidence inter-
vals (CIs) based on 10,000 replicates. We further sought 
to categorize the risk score into three groups of low-risk, 
moderate-risk, and high-risk individuals so as to facilitate 
targeting interventions of different intensity. We also exam-
ined variation in risk score and risk stratification perfor-
mance across sites.

Results

Description of Sample

The primary analysis sample included 105,628 kept visits 
with current psychosocial data by 10,374 patients (Table 1). 
Patients contributed a median (interquartile range [IQR] of 
7 (4–14) kept visits. The sample was mostly male, with half 
being White non-Hispanic, 29% being Black non-Hispanic, 
and 16% being Hispanic. The majority of patients had been 
in care ≥ 3 years, had CD4 counts ≥ 350, had viral loads < 75 
copies/mL, were on ART, and reported no missed doses in 
the past month. Approximately 31% of the sample reported 
moderate to severe depressive symptoms, 18% reported 
symptoms consistent with panic disorder, 22% reported haz-
ardous alcohol consumption, and 16% reported current drug 
use. The secondary analysis sample, including all patients 
regardless of availability of psychosocial measures, included 
543,787 kept visits by 21,928 patients and had similar demo-
graphic and clinical characteristics.

Bivariate Associations with No‑Show Risk

Of the attended appointments in the primary analysis sam-
ple, the overall no-show risk for the following scheduled 
appointment was 17% (Table 1). The most dramatic bivari-
ate variation in no-show risk across sub-groups was for 
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Table 1   Characteristics of 10,374 patients in HIV primary care and of 105,628 kept appointments at 6 CNICS sites, and bivariate and multivari-
ate association of each characteristic with no-show risk

Characteristic Median (IQR) Percent of sample 
(n = 10,374 patients) 
(%)

No-show risk 
(n = 105,628 appoint-
ments) (%)

Odds ratio for no-show risk

Bivariate Multivariate

Overall 100 17
Age 46 (39–52)
 18–24 2 29 3.04 (2.64, 3.51) 2.55 (2.21, 2.95)
 25–34 14 24 2.53 (2.29, 2.80) 2.03 (1.84, 2.24)
 35–44 26 19 1.90 (1.73, 2.07) 1.54 (1.42, 1.68)
 45–54 39 15 1.45 (1.33, 1.58) 1.27 (1.17, 1.37)
 55+ 19 11 1.00 (ref) 1.00 (ref)

Current gender
 Male 84 17 1.00 (ref) 1.00 (ref)
 Female 16 19 1.20 (1.11, 1.30) 0.88 (0.81, 0.96)

Race/ethnicity
 White non-Hispanic 53 15 1.00 (ref) 1.00 (ref)
 Black non-Hispanic 29 21 1.59 (1.49, 1.70) 1.39 (1.31, 1.48)
 Hispanic 16 18 1.29 (1.18, 1.40) 1.08 (1.00, 1.16)
 Other 3 18 1.29 (1.10, 1.51) 1.14 (1.00, 1.30)

HIV infection risk group
 MSM (no IDU) 64 15 1.00 (ref) 1.00 (ref)
 IDU 14 22 1.54 (1.43, 1.67) 1.28 (1.18, 1.38)
 Heterosexual contact 20 19 1.31 (1.22, 1.41) 1.28 (1.18, 1.39)
 Other 1 19 1.29 (1.05, 1.60) 1.16 (0.96, 1.40)

Health insurance type
 Private 25 14 1.00 (ref) 1.00 (ref)
 Public 57 18 1.38 (1.28, 1.48) 1.11 (1.04, 1.19)
 Uninsured 17 20 1.59 (1.45, 1.74) 1.23 (1.14, 1.33)

Time in care at CNICS site (years) 5 (2–9)
 < 1 year 16 18 1.22 (1.13, 1.33) 0.96 (0.88, 1.04)
 1–2 years 22 18 1.23 (1.14, 1.33) 0.88 (0.81, 0.95)
 3–4 years 15 17 1.16 (1.06, 1.27) 0.93 (0.86, 1.01)
 5–9 years 26 17 1.16 (1.08, 1.25) 0.95 (0.89, 1.02)
 10 + years 21 15 1.00 (ref) 1.00 (ref)

CD4 count (cells/mm3) 506 (320–709)
 < 200 12 21 1.41 (1.31, 1.53) 1.02 (0.94, 1.10)
 200–349 16 18 1.17 (1.10, 1.26) 1.04 (0.98, 1.12)
 350–499 20 18 1.14 (1.07, 1.20) 1.05 (0.99, 1.11)
 500+ 51 16 1.00 (ref) 1.00 (ref)

HIV RNA viral load (copies/mL) < 75 (< 75 to  < 75)
 < 75 75 15 1.00 (ref) 1.00 (ref)
 75–999 10 20 1.37 (1.29, 1.47) 1.12 (1.05, 1.20)
 1000–9999 5 23 1.69 (1.54, 1.84) 1.24 (1.13, 1.36)
 10,000–99,999 6 26 1.93 (1.78, 2.08) 1.27 (1.16, 1.39)
 100,000+ 3 25 1.89 (1.70, 2.09) 1.21 (1.07, 1.36)

Antiretroviral status
 On ART, adherent 55 14 1.00 (ref) 1.00 (ref)
 On ART, non-adherent 31 21 1.61 (1.53, 1.69) 1.27 (1.21, 1.33)
 Not on ART​ 14 22 1.77 (1.66, 1.89) 1.16 (1.08, 1.25)

Number of missed visits, past year 1 (0–2)
 0 47 10 1.00 (ref) 1.00 (ref)
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past-year missed visits. Patients who had missed no visits 
in the past year (MVP = 0%) at the time of an attended visit 
had a 9% no-show risk for the next scheduled appointment, 
whereas patients who had missed 4 or more visits had a 
no-show risk for the next visit of 31%. Markedly higher no-
show risk was also observed among younger patients, those 
with very high viral loads, and those reporting current drug 
use. Although less pronounced, the no-show risk was also 
higher for women, Black non-Hispanics, those with lower 

CD4 counts, those not on ART or reporting non-adherence, 
and those reporting higher depressive symptoms, likely 
panic disorder, and hazardous alcohol use. No-show risk 
did not vary notably by time in CNICS care.

Predictive Models

To predict no-show risk, a model that included past-year 
number of missed visits as the only predictor had an AUC 

Table 1   (continued)

Characteristic Median (IQR) Percent of sample 
(n = 10,374 patients) 
(%)

No-show risk 
(n = 105,628 appoint-
ments) (%)

Odds ratio for no-show risk

Bivariate Multivariate

 1 21 18 1.94 (1.84, 2.04) 1.75 (1.65, 1.85)
 2 11 23 2.74 (2.57, 2.92) 2.38 (2.22, 2.55)
 3 6 26 3.25 (3.00, 3.51) 2.70 (2.47, 2.95)
 4+ 14 31 4.10 (3.80, 4.41) 3.42 (3.16, 3.70)

Depressive symptoms 6 (1–11)
 None (0–4) 45 15 1.00 (ref) 1.00 (ref)
 Mild (5–9) 25 17 1.14 (1.08, 1.20) 0.95 (0.89, 1.00)
 Moderate (10–14) 14 20 1.36 (1.27, 1.45) 1.03 (0.96, 1.10)
 Moderately severe (15–19) 10 20 1.41 (1.30, 1.52) 1.02 (0.94, 1.11)
 Severe (20–27) 7 21 1.46 (1.32, 1.61) 0.95 (0.85, 1.05)

Anxiety symptoms 0 (0–4)
 None (0) 66 16 1.00 (ref) 1.00 (ref)
 Some (1–4) 16 18 1.16 (1.09, 1.24) 1.05 (0.98, 1.12)
 Likely panic disorder (5) 18 21 1.39 (1.31, 1.49) 1.06 (0.98, 1.14)

Alcohol use 1 (0–3)
 None (0) 39 16 1.00 (ref) 1.00 (ref)
 Non-hazardous (1–2/1–3)a 38 17 1.02 (0.97, 1.08) 1.04 (0.98, 1.09)
 Hazardous (≥ 3/≥ 4)a 22 20 1.26 (1.18, 1.35) 1.20 (1.13, 1.27)

Current illicit drug use
 None 84 15 1.00 (ref) 1.00 (ref)
 Any (non-marijuana) 16 26 1.97 (1.85, 2.09) 1.32 (1.24, 1.41)

MSM Men who have sex with men, IDU Injection drug use
a Cutpoints for women and men, respectively

Table 2   Comparison of predictive models of no-show risk among 10,374 patients in routine HIV primary care in the CNICS cohort

Reported estimates are means from tenfold cross-validation
Bootstrapped 95% confidence intervals for each estimate based on 200 replicates are presented in parentheses
a Area under the receiver-operator characteristic (ROC) curve. Also referred to as the c-statistic
b The probability that a patient who truly misses their next visit is classified as “high-risk” by the model
c The probability that a patient who truly attends their next visit is classified as “low-risk” by the model

Model Predictors n AUC​a Sensitivityb Specificityc

1 Past-year missed visits only 105,622 0.65 (0.62, 0.68) 73% (69%, 77%) 51% (48%, 54%)
2 Past-year missed visits, demographic & clinical characteristics 104,510 0.69 (0.67, 0.71) 74% (70%, 78%) 53% (44%, 62%)
3 Past-year missed visits, demographic, clinical, & psychosocial 

characteristics
100,830 0.7 (0.67, 0.73) 74% (71%, 77%) 54% (44%, 64%)
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(c-statistic) of 0.65 (95% CI 0.62–0.68) (Table 2, Model 1; 
Fig. 1a). A cutpoint that classified those with ≥ 1 missed visit 
as “high risk” and those with 0 missed visits as “low risk” 
had 73% (69–77%) sensitivity and 51% (48–54%) specificity 
in correctly identifying those who would go on to miss their 
next scheduled appointment.

In the same patients, a model that included a set of 
demographic and clinical predictors in addition to past-year 
missed visits had slightly improved AUC (0.69), sensitivity 
(74%), and specificity (53%; Table 2, Model 2). The further 
addition of a set of psychosocial predictors did not measur-
ably change sensitivity but slightly improved AUC (0.70) 
and specificity (54%; Model 3; Fig. 1b).

Models that employed past-year MVP rather than number 
of missed visits and that were stratified by time in CNICS 
care (≥ 1 year vs. < 1 year) yielded substantively similar 
results. When using the secondary analysis sample of all 
patients regardless of psychosocial measure availability, the 
performance of the model with number of missed visits as 
the sole predictor was nearly identical to the primary analysis 
sample (AUC = 0.65, sensitivity = 76%, specificity = 48%).

Risk Stratification

Considering the predictive strength of past-year missed 
visits, the relatively minor additional predictive benefit of 
other demographic, clinical and psychosocial characteristics, 
and the likely advantages of a very simple risk stratification 
algorithm, we explored the utility of stratifying patients into 
low, moderate, and high-risk groups based only on past-year 
number of missed visits. Patients with no missed visits in the 
past year (“low risk”) comprised 47% of the sample overall 
(Fig. 2a) and had only a 10% no-show risk at the subse-
quent appointment (Fig. 2b). This group therefore accounted 
for only 27% of actual subsequent missed visits (Fig. 2c). 
Patients with 1–2 missed visits in the past year (“moderate 
risk”) accounted for 32% of the sample, had a 20% no-show 
risk for the next appointment, and accounted for 37% of sub-
sequent missed visits. Patients with > 2 missed visits (“high 
risk”) accounted for only 20% of the sample but had a 30% 

Fig. 1   Receiver-operator characteristic curves predicting no-show 
visits a using past-year missed visits only; b using all predictors

Fig. 2   Proportion of clinic population (a), no-show risk (b), and pro-
portion of all no-show visits (c), by past-year missed visits
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no-show risk and therefore accounted for 36% of subsequent 
missed visits. Stratification by the missed visit proportion 
rather than number of missed visits was slightly more effec-
tive (Supplemental Fig. 1), although we focus on number of 
missed visits due to ease of point-of-care calculation.

Consistent with expectations, those classified in the 
“high risk” group based solely on past missed visits were 
on average of younger age, more likely to be uninsured, less 
likely to be on ART or to be adherent if on ART, less likely 
to be virally suppressed, more likely to have moderate to 
severe symptoms of depression and anxiety, and more likely 
to report current illicit drug use than those in the low or 
moderate risk groups. In a multivariable predictive model 
developed solely in the high risk group, these same fac-
tors generally remained independently predictive of future 
missed visits (with the exception of depression and anxiety 
symptoms), although the model only had moderate predic-
tive ability within this subgroup (AUC = 0.59; results not 
shown).

The six sites varied in no-show risk and the proportion of 
the clinic population that were classified as low, moderate, 
and high-risk (Supplemental Table 1). However, at each site 
the difference in risk between the low and high-risk groups 
was substantial, the high-risk group accounted for a dispro-
portionate share of all missed visits, and AUCs were very 
similar (range 0.63–0.66).

Discussion

In this large sample of patients engaged in routine HIV pri-
mary care from a geographically distributed network of HIV 
clinical sites, past HIV appointment attendance emerged as 
the most powerful predictor of future attendance. Patients 
with no missed visits in the past year had a one-in-ten chance 
of missing their next appointment, whereas patients who had 
missed more than two visits in the past year (but were in 
clinic on the index date of the analysis) had a nearly one-in-
three chance of no-showing for their next appointment. This 
latter group, while comprising only one-fifth of the sample, 
accounted for over one-third of all subsequent missed visits.

These results have important implications for efforts 
to improve retention in care in real-world HIV practices. 
Many clinics recognize the importance of enhancing reten-
tion among their patients and employ a range of strategies 
from appointment reminders to intensive case management 
to help patients remain engaged in care [19, 20]. Yet all 
clinics operate with constrained financial and staff resources 
that must be allocated strategically to address a wide range 
of patient care needs. This analysis suggests that among 
patients attending clinic on a given day, a relatively simple 
metric—the number of no-show appointments over the past 
year—can reasonably distinguish between those who have a 

low, moderate, or high risk of not showing up for their next 
scheduled appointment. Such risk stratification could greatly 
aid the efficient allocation of clinic resources, with the most 
intensive staff time targeted toward those at highest risk for 
not coming back. The finding that past visit attendance is a 
strong predictor of future visit attendance also suggests the 
possibility that short-term interventions to improve patients’ 
visit attendance, if successful in shifting patients’ overall 
propensity to attend visits, could have longer-term impacts.

We expected that measures of depression, anxiety, 
medication adherence, and alcohol and drug use measured 
through patient-reported surveys at CNICS sites would 
prove strong predictors of no-show risk. While several of 
these measures did indicate bivariable association with no-
show risk, they offered little marginal benefit in predicting 
that risk over and above past-year number of missed visits. 
Similarly, demographic and clinical characteristics improved 
prediction only marginally. As such, characterizing visit 
attendance over the past year, rather than developing a more 
complex prediction rule with numerous inputs, represents a 
promising simple approach to risk stratification amenable 
for widespread implementation in HIV clinics. While elec-
tronic medical records make past visit attendance records 
increasingly accessible at point of care, clinics without ready 
access to this information could explore even simpler indica-
tors such as whether the last visit was attended. However, 
once moderate- or high-risk patients are identified, proac-
tive retention interventions might need to assess and address 
psychosocial or situational barriers on an individual basis.

Studies have demonstrated that missed clinic visits may 
tap into a different dimension of care retention than meas-
ures based on attended visits [20–22]. Missed visits have 
demonstrated significant prognostic value for mortality, in 
a dose–response manner, independent of whether an indi-
vidual attends a minimum number of visits per year and 
is classified as “retained” on quality-of-care metrics [6]. 
Missed HIV clinic visits have been associated with delayed 
ART receipt, longer time to viral suppression, greater cumu-
lative HIV burden, AIDS-defining illnesses and mortality 
[5, 23]. In contrast to missed clinic visits, other measures 
of retention require an extended period of time to elapse 
(i.e., 12 months) before it can be known whether a patient 
has been retained, at which point there may be greater 
challenges locating patients, not to mention the months of 
missed opportunities to maintain antiretroviral treatment and 
proactively promote care retention. Missed clinic visits are 
immediately measured and actionable at the point of care, 
offering an opportunity for more expeditious intervention 
with individuals at increased risk of loss to care [3, 20]. 
Our findings suggest there is an even earlier opportunity to 
intervene. Rather than reacting to a patient’s missed clinic 
visit, our data point toward proactive identification of those 
individuals currently in the clinic who are at greatest risk of 
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missing their next visit, providing an opportunity to inter-
vene in real time.

Strengths of this study include the large size, multiple 
sites, and demographic, clinical, and geographic diversity 
of the study population; the systematic capture of validated 
self-reported behavioral measures that are rarely routinely 
available in clinical cohorts; and the focus on no-show pre-
dictors potentially available in real time at the point of care. 
Despite the geographic diversity, the analysis sample had a 
higher representation of White non-Hispanic and male indi-
viduals than the national HIV epidemic. Also, the no-show 
rate of 17% in this sample was lower than has been reported 
in several other recent studies [24–26]. possibly reflecting 
the inclusion criterion of having attended ≥ 2 clinic visits 
which may have selected for a more engaged population.

Our analysis focused on patients with ≥ 2 attended clinic 
visits to allow for measurement of past visit attendance. Peo-
ple living with HIV who are new to care experience unique 
challenges in establishing self-care and adherence behaviors 
while adjusting to a life-changing diagnosis [5, 27]. Distinct 
prognostic models may be needed for these individuals to 
identify those at greatest risk of missing visits and drop-
ping out of care. Similarly, those re-engaging after gaps in 
care may face unique challenges and require distinct risk 
prediction models. As with all risk scores, the performance 
of this approach should be externally validated, although 
confidence in the generalizability of our findings is strength-
ened by the comparable performance across the six sites in 
our sample. Although we did not formally divide our data 
into development and validation samples, the simplest model 
with number of missed visits did perform nearly identically 
in the primary sample of visits with current psychosocial 
measures (n = 105,628) and the secondary sample of all vis-
its (n = 543,787). Finally, these results will only be applica-
ble for clinics that keep track of missed visits; however, with 
the rapid movement toward electronic record-keeping sys-
tems, such information should continue to become increas-
ingly available.

In summary, we found that the frequency of missed visits 
in the prior 12 months, whether as a proportion or count 
measure, was strongly predictive of the likelihood of miss-
ing the next clinic visit among people living with HIV in 
medical care. Because missed visits have been consistently 
associated with untoward HIV clinical outcomes and are a 
harbinger of becoming lost to care, the ability to identify 
persons at greatest risk to miss their next visit in real-time 
affords an opportunity for immediate, pro-active interven-
tion, with considerable clinical and public health implica-
tions. Clinic-based strategies to risk-stratify patients based 
upon past visit attendance with targeted deployment of evi-
dence-informed retention interventions should be evaluated 
in an effort to meaningfully address the largest gap on the 
HIV care continuum, an area of urgent need.
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