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Objectives: Outpatient parenteral antimicrobial therapy (OPAT) is associated with high hospital readmission
rates. A 30 day unplanned readmission risk prediction model for OPAT patients has been developed in the UK.
Given significant differences in patient mix and methods of OPAT delivery, we explored the model for its utility
in Duke University Health System (DUHS) patients receiving OPAT.

Methods: We analysed OPAT episodes of adult patients from two hospitals between 1 July 2019 and 1 February
2020. The discriminative ability of the model to predict 30 day unplanned all-cause and OPAT-related admission
was examined. An updated model was created by logistic regression with the UK risk factors and additional risk
factors, OPAT delivery in a skilled nursing facility, vancomycin use and IV drug abuse.

Results: Compared with patients of the UK cohort, our study patients were of higher acuity, treated for more
invasive infections, and received OPAT through different modes. The 30 day unplanned readmission rate in
our cohort was 20% (94/470), with 59.5% (56/94) of those being OPAT-related. The original model was unable
to discriminate for all-cause readmission with a C-statistic of 0.52 (95% CI 0.46-0.59) and for OPAT-related re-
admission with a C-statistic of 0.55 (95% CI 0.47-0.64). The updated model with additional risk factors did not
have improved performance, with a C-statistic of 0.55 (95% CI 0.49-0.62).

Conclusions: The UK 30 day unplanned hospital readmission model performed poorly in predicting readmission

for the OPAT population at a US academic medical centre.

Background

Outpatient parenteral antimicrobial therapy (OPAT) is used for pa-
tients who require prolonged durations of IV antimicrobials and
who are healthy enough to receive the medications in the out-
patient setting. OPAT can reduce hospital stays and decrease
healthcare expenditures.™? OPAT has become increasingly com-
mon over the last three decades, with 1 in 1000 patients in the
USA receiving OPAT annually.?

While OPAT is both efficacious and cost-effective, there are con-
cerns with unplanned readmission in these patients, due in part to
reductions in monitoring and supervision than if they were hospita-
lized." The US Department of Health and Human Services (DHHS)
Agency for Healthcare Research and Quality uses 30 day all-cause

readmission as a patient-harm metric when calculating quality-of-
care indicators.” These indicators are used to identify healthcare
quality problem areas as well as for pay-for-performance initiatives.”
In the published literature, 30 day all-cause readmission rates range
from 6% to 26% in OPAT patients.**8

The ability to identify OPAT patients at the highest risk of re-
admission would allow for more specific patient selection criteria
and closer follow-up, which can minimize costs to the healthcare
system and improve treatment outcomes.? In 2018, Durojaiye
and colleagues® in the UK developed a 30 day unplanned re-
admission risk prediction model for OPAT patients based on six
predictors available at the time of discharge: age, Charlson co-
morbidity score, number of prior hospitalizations in the preceding
12 months, concurrent receipt of more than one IV antimicrobial
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agent, type of infection, and mode of OPAT delivery (infusion cen-
tre, community nurse or self/caregiver administration). This mod-
el was externally validated through a retrospective cohort study
of over 2500 OPAT patients at two health centres in the UK.° It
was shown to have adequate discrimination ability in predicting
patients with the occurrence of 30 day readmission (C-statistic
0.72, 95% C1 0.67-0.77).°

Significant differences in OPAT practice between the UK and the
USA necessitate further validation prior to its application in the
USA. In addition, factors that could impact unplanned readmis-
sion in our population (such as IV drug abuse and vancomycin
use) were not included in the model. In the present study, we
aimed to test the utility of the UK model and to identify centre-
specific patient factors that may further improve the model.

Methods

Design/study population

This retrospective cohort study was reviewed and exempted by the Duke
University Health System (DUHS) Institutional Review Board. Our primary
objective was to determine the ability of the model by Durojaiye and col-
leagues” to discriminate patients entering the DUHS OPAT programme
with 30 day unplanned (all-cause) readmission.” Our secondary objec-
tives were to determine the ability of the UK model to differentiate pa-
tients with OPAT-related versus non-OPAT related readmissions, and
evaluate the discriminatory ability of the UK model to predict 30 day un-
planned readmissions with select factors added to the UK model.

Patients at least 18 years of age who were enrolled in the DUHS OPAT
programme after being discharged from Duke University Medical Center
or Duke Regional Hospital, a tertiary care hospital and a community hos-
pital, respectively, between 1 July 2019 and 1 February 2020 (prior to the
COVID-19 pandemic) were included. Patients were excluded if the
planned OPAT duration was <7 days, they were lost to follow-up (defined
as no documented medical contact after discharge), or if OPAT was in-
itiated in the outpatient setting. Of note, the DUHS OPAT programme
does not follow OPAT patients who have undergone transplantation, res-
ide at a long-term acute care hospital, have a left ventricular assistance
device, or receive renal replacement therapy.

Data collection

Potential study subjects were identified from the OPAT clinic database and
screened for eligibility. For enrolled patients, data were gathered through
the Duke Enterprise Data Unified Content Explorer (DEDUCE) and by review
of the electronic medical record.™ Study data were managed using REDCap
(Research Electronic Data Capture) electronic data capture tools hosted at
Duke University Hospital. REDCap is a secure, web-based software platform
designed to support data capture for research studies.''? Baseline
demographics, OPAT-related characteristics (antibiotics, antibiotic-related
adverse events, line access, microbiological culture results), 30 day read-
missions (planned versus unplanned, OPAT versus non-OPAT related) and
clinic follow-up were collected. DEDUCE was used to collect ICD-9 and
ICD-10 codes, microbiological culture results, and all hospitalizations
12 months prior to and 30 days after the index admission (defined as the
hospitalization resulting in discharge with OPAT) that were within DUHS.
Weighted Charlson comorbidity scores were calculated based on patient
ICD codes active within 12 months prior to the date of discharge from index
admission into the OPAT programme.*3

Statistical analysis

Prior literature recommends a minimum of 100 outcome events to pro-
vide adequate power for external validation of a prognostic model, and

at least 10 events per regression coefficient.*'*1> The DUHS OPAT pro-
gramme sees an average of 1000 patients a year. Assuming a 20% re-
admission rate, all patients within the stated 7 month study period
were reviewed to ensure 100 outcome events. In the case of a patient
with multiple OPAT episodes within the study period, a random selection
of one OPAT episode per patient was used for the analysis.

The primary outcome was 30 day unplanned readmission, defined as
any unplanned readmissions (to the same or another applicable acute
care hospital) that happened for any reason within 30 days of discharge
from the index admission.? The secondary outcome was 30 day un-
planned OPAT-related hospitalization, defined as any unplanned read-
missions (to the same or another applicable acute care hospital)
thought to be due to failure or adverse events associated with OPAT or
its administration as identified by readmission diagnosis within 30 days
of discharge from the index admission.®

We followed the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD) recommendations
for reporting to externally validate the discriminative ability of the UK model
to predict 30 day unplanned readmission on the DUHS data.’® The UK model
gives a linear predictor (LP) that can be converted to the probability of 30 day
unplanned readmission for a patient discharged into the OPAT programme
by 1/[1+exp(-LP)]. The LP is calculated by: —3.628+(0.016 x age in years)
+(0.264 x number of prior hospitalizations) +(0.103 x Charlson comorbidity
score) +(0.248, if self/caregiver administration)+(0.479, if infusion centre)
+(0.635, if IV combination therapy)+(0.480, if endovascular infection)
—(0.337, if respiratory disease)+(0.189, if urogenital infection)—(0.037, if
bone and joint infection) — (0.776, if skin and soft tissue infection).*%”

The performance of the UK model was assessed with the scaled Brier
score for overall model performance, the AUC (C-index) to visualize discrim-
ination ability, calibration plot for calibration, and Hosmer-Lemeshow
goodness-of-fit test for model fit.!® The scaled Brier score can range from
minus infinity to 1. A negative scaled Brier score means the forecast is less
accurate than predicting using the average probability of the outcome. A
scaled Brier score of O indicates it performs the same as predicting using
the average probability of the outcome, whereas a score close to 1 indicates
it performs much better than using the average probability of the outcome.

To assess whether recalibration was needed, we fit a logistic regres-
sion using 30 day unplanned readmission as the outcome and the LP
as the only covariate. Recalibration was conducted by adjustment of
the intercept, or so-called ‘calibration in the large’, and the slope, or so-
called ‘calibration slope’ if they were significantly different from 0 and
1, respectively. The above analyses were repeated by using 30 day un-
planned OPAT-related readmission as the outcome.

To evaluate the discriminatory ability of the UK model to predict 30 day
unplanned readmission with the inclusion of select factors, a logistic re-
gression model incorporating the LP and the select factors was fit.!’
Select factors that had been shown to be risk factors for readmission in
other studies included OPAT delivery in a skilled nursing facility, vancomycin
use and IV drug abuse.”'®1® Aminoglycoside use was to be an included se-
lect factor, but was not included as only one patient received it. Adjusted
ORs (aORs) of the additional variables were reported with 95% CIs. The
same performance metrics were assessed for the updated model.

Individual predictors in the UK model and the select factors were com-
pared between groups using two-sample t-tests for continuous variables
and chi-squared tests or Fisher’s exact tests, where appropriate, for cat-
egorical variables. Statistical significance was assessed at a level of
0.05 without accounting for multiple testing. All statistical analyses
were conducted in SAS 9.4 (SAS Institute, Cary, NC, USA) and R 4.0.0 (R
Core Team, Vienna, Austria).

Results

Atotal of 574 patients were identified from the DUHS OPAT data-
base, with 606 distinct OPAT encounters. After exclusion and

20of7



Risk assessment model validation for OPAT hospital readmissions

JAR

112 episodes excluded:
* Transplant (n=6)
* Left ventricular assistance

606 OPAT episodes were device (n=2)
assessed for eligibility * Duration of OPAT < 7 days
(n=26)
* OPAT in long term acute care
facility (n=24)

* Ongoing renal replacement
therapy (n=7)

* Lostin follow-up (n=2)
Not initiated on OPAT from
designated center (n=40)

*  Outside time frame (n=7)

494 distinct episodes

Excluded multiple episodes
n=24

Included in analysis
n=470

Figure 1. Methods flow diagram.

Table 1. Characteristics of subjects in UK and DUHS cohorts

removal of multiple episodes, 470 unique patients were in-
cluded in the analysis (see Figure 1). Comparing the baseline
characteristics included in the UK model of the DUHS cohort
versus the UK derivation cohort, DUHS patients tended to be
older (mean age 60.4 versus 56.8 years, P<0.001) and had a
higher Charlson comorbidity score (median 3 versus 1)
(Table 1). Differences in primary treatment indications for the
DUHS cohort compared with the UK cohort were for bone and
joint infections (58.7% versus 12.8%) and skin and soft tissue
infection (7% versus 57.4%), respectively. The mode of delivery
of OPAT varied between the two cohorts, with the entire DUHS
cohort administering antimicrobials at home (71.3%) or in a
skilled nursing facility (28.7%), while the majority of the UK co-
hort received antimicrobials in an infusion clinic (71.5%) and no
patients received OPAT in a skilled nursing facility. Additional
variables were collected (such as microbiology results) but
not incorporated into the model (Table S1, available as
Supplementary data at JAC-AMR Online).’

For the primary outcome measure, the rates of 30 day
(all-cause) unplanned readmission were 20% versus 11.5%

UK study cohort® DUHS cohort
N=1073 N=470 P value
Variable

Age at hospital admission, years, mean (SD) 56.8 (17.5) 60.4 (16.1) <0.001
Male gender, n (%) 611 (56.9) 282 (60) 0.29
System indicated for OPAT treatment, n (%) <0.001

skin/soft tissue 616 (57.4) 33(7)

bone and joint 137 (12.8) 276 (58.7)

urogenital 70 (6.5) 23 (4.9)

respiratory 45 (4.2) 15(3.2)

endovascular 45 (4.2) 64 (13.6)

other® 160 (14.9) 59 (12.6)
Charlson comorbidity score, median (IQR) 1(0-2) 3(1-5) Not assessed
Non-OPAT hospitalizations in preceding year, median (IQR) 0 (0-1) 0 (0-1) Not assessed
Mode of OPAT delivery, n (%) <0.001

home (self/caregiver) 105 (9.8) 335(71.3)

infusion centre 767 (71.5) 0 (0)

community nurse 201 (18.7) 0 (0)

skilled nursing facility 0 (0) 135 (28.7)
Concurrent IV antibiotics during OPAT (two or more), n (%) 81 (7.5) 88 (18.7) <0.001

Outcomes

Unplanned readmission during 30 day post-index discharge, n (%) 123 (11.5) 94 (20) <0.001
Unplanned OPAT-related readmission during 30 day post-index, n (%) 72 (6.7) 56 (11.9) <0.001
Reasons for OPAT-related readmission during 30 day post-index, n (%) Not assessed

infection-related (worsening infection/new infection) 60 (83.3) 30 (53.5)

antibiotic-related adverse effects 7(9.7) 17 (30.3)

IV access-related 3 (4.2) 2 (3.6)

other 2(2.8) 7 (12.5)
Discharge to first unplanned readmission, days, mean (SD) Not assessed 12.1(8)
Emergency room visit during 30 day post-index, n (%) Not assessed 76 (16.2)
OPAT-related emergency room visit during 30 day post-index, n (%) Not assessed 44 (9.4)

“Data from Durojaiye et al.®

bIncludes intra-abdominal infection, CNS infection, bloodstream infection (catheter-associated, unknown source etc.).
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Table 2. Model characteristics of DUHS patients according to 30 day unplanned readmission

No 30 day unplanned readmission  Had 30 day unplanned readmission P value
N=376 N=94 N=470
Age at admission, years, mean (SD) 60 8 (15.6) 58.6 (17.9) 0.23¢
<30, n (%) 9(5.1) 5(5.3)
31-40, n (%) 9(7.7) 2(12.8)
41-50, n (%) 4 (9) 1(11.7)
51-60, n (%) 1(24.2) 5(26.6)
61-70, n (%) 8(23.4) 5(16)
>70, n (%) 115 (30.6%) 6 (27.7%)
Charlson comorbidity score, mean (SD) 3(2.7) 7(2.9) 0.31°
0, n (%) 5 (14.6) 5(16)
1, n (%) 7(12.5) 8 (8.5)
2,n (%) 1(18.9) 7 (18.1)
3,n (%) 2 (16.5) 0 (10.6)
4+ N (%) 141 (37.5) 4 (46.8)
Hospitalizations in the prior 12 months, mean (SD) 9 (1.3) 9(1.2) 0.76
Initial location of OPAT administration, n (%) 0.52
home (self/caregiver) 265 (70.5) 70 (74.5)
skilled nursing facility 111 (29.5) 24 (25.5)
infusion centre 0 (0) 0 (0)
Concurrent IV antibiotics during OPAT (two or more) , n (%) 2 (19.1) 16 (17) 0.75
Indication of OPAT, n (%) 0.96
bone or joint infection 222 (59) 54 (57.4)
endovascular infection (13) 15 (16)
skin and soft tissue infection (6.9) 7 (7.4)
respiratory disease (3.5) 2(2.1)
urogenital infection (4.8) 5(5.3)
other indication (12.8) 11 (11.7)
Aminoglycoside used for OPAT, n (%) (0.3) 0 (0) Not assessed
Vancomycin used for OPAT, n (%) 141 (37.5) 29 (30.9) 0.32
IV drug abuse, n (%) (5.1) 5(5.3) >0.99

°Age and Charlson comorbidity score were compared as continuous variables between groups.
Continuous variables were compared using two-sample t-tests, and categorical variables were compared using chi-squared tests or Fisher’s exact tests

where appropriate.

(P<0.001) in the DUHS and UK cohorts, respectively (Table 1). In
the DUHS cohort, 59.5% of the unplanned readmissions were
deemed OPAT-related. Of those, the majority were infection-
related (such as worsening infectious symptoms or new infec-
tion) or antibiotic adverse effects (such as acute renal injury or
neutropenia). Baseline model characteristics between patients
with unplanned readmission and those without were very similar,
with none reaching statistical significance (Table 2).

Table 3 summarizes the performance of the three models
tested. Figure 2(a) shows the receiver operating curve, and
Figure 3(a) shows the calibration plot of the UK model for predict-
ing 30 day unplanned readmission in the DUHS cohort. The
C-statistic was 0.52 (95% (I 0.46-0.59), indicating the UK model
did not perform better than random guessing in the DUHS cohort.
The Hosmer-Lemeshow test (P<0.001, low P value indicates
poor fit) and the calibration slope (0.06, 95% CI —0.28 to 0.38;
slope of 1 indicates agreement) both suggested a poor agree-
ment between predicted and observed probabilities of 30 day un-
planned readmission. The scaled Brier score was negative,

indicating the forecast was less accurate than predicting using
the average probability of the outcome (i.e. the observed re-
admission rate in the DUHS cohort, 0.2). After recalibration, the
model had better fit (Hosmer-Lemeshow test P=0.33), but dis-
crimination ability remained poor (C-statistic 0.52, 95% CI
0.46-0.59). When looking at the probabilities for each patient,
we found the model generally overestimated risk of readmission
(Figure S1).

We did not observe statistically significant differences in add-
itional risk factors added to the model and they were not pre-
dictive of 30 day unplanned readmission (Table 2, Table S2).
Figure 2(b) shows the receiver operating curve and Figure 3(b)
shows the calibration plot of the updated model for predicting
30day unplanned readmission in the DUHS cohort. The
C-statistic was 0.55 (95% CI 0.49-0.62), indicating the updated
model did not perform better than the UK model in the DUHS co-
hort (Table 3). The LP in the new model did not differ significantly
between those with and without readmission (predictor aOR
1.08,95% CI 0.77-1.51) (Table 3). Figure 2(c) shows the receiver
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Table 3. Effect sizes (in terms of aOR) and goodness-of-fit statistics

UK model with additional

Original UK model for variables for unplanned Original UK model for unplanned
unplanned readmission® readmission® OPAT-related readmission®

Predictors aOR 95% (I Pvalue aOR 95% CI Pvalue aOR 95% (I P value
UK linear predictor — — — 1.08 (0.77-1.51) 0.66 — — —
Vancomycin use — — — 0.77 (0.47-1.23) 0.28 — — —
IV drug abuse — — — 1.08 (0.35-2.84) 0.88 — — —
OPAT delivered in a skilled nursing facility — — — 0.82 (0.48-1.36) 0.45 — — —
Model performance

Discrimination, C-statistic 0.52 (0.46-0.59) — 0.55 (0.49-0.62) — 0.55 (0.47-0.64) —

Hosmer-Lemeshow (df) 47.54 (8) — <0.001 7.04 (8) — 0.53 60.2 (8) — <0.001

Scaled Brier score -0.07 — — 0 — — -0.36 — —

Calibration slope 0.06 (—0.28 t0 0.38) — 1 (—0.39 to 2.43) — -0.33 (=0.77 to 0.09) —

Calibration in the large -1.29 (-19t0-0.72) — 0 (-1.94t01.97) — -2.57 (-343t0-18) —
After recalibration

Discrimination, C-statistic 0.52 (0.46-0.59) — — — — 0.55 (0.47-0.64) —

Hosmer- Lemeshow (df) 9.14 (8) — 0.33 — — — 10.1 (8) — 0.35

Scaled Brier score 0 — — — — — 0.35 — —
“Model from Durojaiye et al.®
df, degrees of freedom.

(0) UK model for unplanned readmission (b) UK model with additional variables for unplanned readmission (C) UK model for unplanned OPAT-related readmission
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Figure 2. Receiver operating curves (ROCs) of the models evaluated. (a) UK model for unplanned readmission. (b) UK model with additional variables
for unplanned readmission. (c) UK model for unplanned OPAT-related readmission. The dashed line on the diagonals indicates no discrimination ability.

operating curve and Figure 3(c) shows the calibration plot of the  Discussion

UK model for predicting 30 day unplanned OPAT-related re- ) . . .

admission in the DUHS cohort. The model performance tests OPATisan essgntlolserwce that helps de_creose hospltollength of
again suggested a poor agreement between predicted and ob- stay and prQV|des a less c.o.stl)./ ollttgernotwe for potlents.needmg
served probabilities of 30 day unplanned OPAT-related readmis- ~ Onger durations of IV antibiotics.”> However, OPAT patients are
sion. We also observed a negative scaled Brier score, indicating  Medically complex and at risk for hospital readmission and ad-
the forecast was less accurate than predicting using the average ~ Verse effects from antimicrobials. Being able to identify the high-
probability of the outcome (i.e. the observed 30 day unplanned  est risk OPAT patients is essential. Multiple readmission models
OPAT-related readmission rate, 0.119). After recalibration, have been developed to identify the highest risk OPAT patients,
the model fit better (Hosmer-Lemeshow test P=0.35), but but there are limited data regarding the generalizability of these
discrimination ability remained poor (C-statistic 0.55, 95% CI models for use in another institution.”®*° The UK model has the
0.47-0.64). most robust data, including a published external validation of
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(b) UK model with additional variables for unplanned readmission
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Figure 3. Calibration plots of the models evaluated. (a) UK model for unplanned readmission. (b) UK model with additional variables for unplanned
readmission. (c) UK model for unplanned OPAT-related readmission. The black solid line indicates perfect calibration. The black dashed line shows the
straight-line fit of predictions from the model, and the red solid line shows the locally estimated scatterplot smoothing (LOESS) fit of the predictions
from the model. The circled points represent observed proportions of outcomes in decile groups of predicted probabilities, with vertical lines represent-
ing 95% CI. The histogram on the x-axis summarizes the distribution of patients in the range of predicted probabilities of the outcome.

another UK population, and a higher C-statistic than other mod-
els, which is why it was chosen to be tested in the DUHS OPAT
population.®®

Our study assessed the discriminative ability of the estab-
lished 30 day unplanned hospital readmission risk assessment
model for adult patients receiving OPAT at DUHS. While the rate
of unplanned readmission was significantly higher in the DUHS
cohort than in the original UK model (20.3% versus 11.2%), it
was comparable to other studies.®® Of note, the primary
outcome of this study was slightly different than in the original
model studies. The UK model looked at 30 day unplanned
readmission, defined as 30 days from discharge from the OPAT
programme (and inclusive of all days in the programme post-
discharge from index admission) rather than 30 days from dis-
charge from index admission. We chose a narrower endpoint of
30 days from discharge from index admission as this is how the
DHHS determines reimbursement based on readmissions, and
this is the period of highest readmission rates within OPAT popu-
lations.>”? Our endpoint was inclusive of the endpoint in the UK
model, but we may have missed patients with unplanned
readmissions further out in therapy.

Overall, all measures of model validity show the original UK
model was not able to discriminate between patients with read-
missions and those without. When assessing only patients with
OPAT-related readmission, the model was still not discriminative
and could not predict risk of readmission. The model’s perform-
ance was also poor when incorporating additional predictors.
Multiple predictors of readmission in the model that were signifi-
cant in the UK population were not significant in this review.*’
Neither age, receipt of concurrent IV antibiotics, number of prior
hospitalizations, nor type of infection influenced 30 day readmis-
sion. The additional predictors that had been risk factors in other
studies such as vancomycin use, OPAT delivered via skilled nursing
facility, and IV drug abuse were not different between patients
with readmission and those without.”'®'9 The only assessed

variable that reached significance was follow-up in OPAT clinic.
The reason this was not included in the model is because we
were only able to record completed visits, and there is an inherent
bias in that patients who were already readmitted missed OPAT
clinic visits and thus were not captured. One review has found
that early follow-up to OPAT clinic reduces readmission rates,
and a readmission prediction model could be used to identify
which patients need closer follow-up.’

Decreases in the performance of a model are common in ex-
ternal validation studies, often caused by differences in case mix
and patient population, overfitting of the model, and difference
in the effect of model predictors. While we attempted to ad-
dress this by adding additional predictors to the updated model
and recalibrating the model, ultimately it was still not able to
predict readmission well. There are multiple possible reasons
why the UK model was not effective in the DUHS cohort. First,
the DUHS cohort had more comorbidities and more deep-seated
infections than the UK cohort. Forty percent of unplanned read-
missions in the DUHS cohort were due to non-OPAT reasons,
such as heart failure exacerbation. In the original two UK co-
horts, non-OPAT unplanned readmission was 28.6% and
40.7% of all unplanned readmissions, the latter of which is simi-
lar to our study.*® Second, the majority of the patients in the UK
cohort received antibiotics at an infusion clinic, while patients in
the DUHS cohort received antibiotics either at a skilled nursing
facility or at home. Patients discharged to a skilled nursing facil-
ity are less likely to be medically optimized compared with pa-
tients who are able to come to an infusion clinic, and patients
who self-administer antibiotics at home do not undergo the
same monitoring as patients who receive antibiotics at an infu-
sion clinic.

Some limitations to this study are worth noting. The retrospect-
ive nature of the study introduces the potential for reduced accur-
acy of recorded data. Patients who had readmissions outside of
the DUHS network would have been missed. However, most
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outside readmissions would have been captured during follow-up
with the OPAT clinic, and patients lost after discharge from index
admission were excluded. The determination of some secondary
characteristics, such as OPAT- versus non-OPAT-related admission
was done via the discretion of the reviewing clinician. While there
were strict review methods followed in collection, these secondary
characteristics were more prone to error/bias.

Conclusions

The prediction model established by Durojaiye and colleagues
was not able to reliably discriminate the risk of 30 day unplanned
(all-cause) readmission in DUHS patients receiving OPAT. Further
research should focus on development of unique models as well
as validation of existing ones.
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