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METHODS

Design

We performed a retrospective case-control study. The case group consisted of children who experienced clinical deterioration, a composite outcome defined as cardiopulmonary arrest (CPA), acute respiratory compromise (ARC), or urgent ICU transfer, while on a non-ICU unit. The control group consisted of a random sample of patients matched to cases if they met the criteria of being on a non-ICU unit at the same time as their matched case.  For cases, we used the date and time of their event as the index time for chart review; we used the same date and time as the index time for the matched controls. 

The Institutional Review Board of The Children’s Hospital of Philadelphia approved the study.

Data Source

We abstracted data from two sources: (1) scanned paper charts archived in the hospital’s electronic document management system (ChartMaxx, Mason, OH), and (2) the electronic health record (Sunrise Clinical Manager, Atlanta, GA). 

Study Population

Children younger than 18 years old hospitalized for >24 hours between January 1, 2005 and December 31, 2008 were eligible for inclusion in the study. Among children with multiple eligible events during the study period, we included the first event only. Cases were not eligible as controls. 

Case definition

Eligible cases included children who experienced the composite outcome of clinical deterioration while hospitalized on a non-ICU unit. Eligible non-ICU units were all units except the Pediatric, Neonatal, and Cardiac ICUs and the Cardiac Care Step-Down Unit; the Obstetric and Rehabilitation Units were also excluded. Children with active “Do Not Resuscitate” orders at the time of the event were not eligible. CPA and ARC were defined according to the criteria of the National Registry of CardioPulmonary Resuscitation.1 CPA events required either pulselessness or a pulse with inadequate perfusion necessitating chest compressions and/or defibrillation. ARC events required respiratory insufficiency necessitating bag-valve-mask or invasive airway interventions. We identified these events using the database of the hospital’s Resuscitation Committee, which has maintained records of all CPA and ARC since 2004 for national quality reporting. 

In order to identify the most severe subset of urgent ICU transfers, we defined this group as those patients transferred to the pediatric ICU from a non-ICU unit who experienced, within 12 hours, at least one of the following outcomes: Death, CPA, intubation, initiation of non-invasive ventilation, or administration of a vasoactive medication infusion used for the treatment of shock. We identified potential urgent transfers using a database that captures all admissions and transfers to the pediatric ICU for operational and research purposes. A trained research assistant reviewed the ICU flowsheets of the transferred patients for the outcomes described above. 

Control subjects

Controls were randomly selected from the population of children also hospitalized on non-ICU units at the same time as the case’s event, and matched 3:1 to the cases. We identified controls by querying the Electronic Data Warehouse for patients also in the hospital at the same time as each case’s event, assigning each potential control a random number (Microsoft Excel, Redmond, WA), and sorting the list by these randomly generated numbers. Potential controls with active “Do Not Resuscitate” orders at the index time were not eligible.

Variables and Measurements

We collected data on demographics, complex chronic conditions (CCCs), other patient factors, and laboratory studies. 

CCCs were specific diagnoses divided into 9 categories according to an established framework: neuromuscular, cardiovascular, respiratory, renal, gastrointestinal, hematologic / immunologic, metabolic, malignancy, and genetic / other congenital defects.2 One investigator reviewed all charts from admission through the index time to identify only the CCCs present prior to the event. Other patient factors evaluated included age, weight-for-age, gestational age, history of transplant, time from hospital admission to event, recent ICU stays, administration of total parenteral nutrition, use of a patient-controlled analgesia pump, and presence of medical devices including central venous lines and enteral tubes. We calculated weight-for-age for each subject using Centers for Disease Control and Prevention percentile data files.3 Laboratory studies evaluated included hemoglobin value, white blood cell count, and blood cultures drawn in the preceding 72 hours. We included these laboratory studies in this predictive score because we hypothesized that they represented factors that increased a child’s risk of deterioration over time, as opposed to signs of acute deterioration that would be more appropriate for a detective score. We selected the optimum cut-points for hemoglobin and white blood cell count by analyzing the receiver operating characteristic (ROC) curve for each variable and selecting the values with the highest sensitivities that also had minimum specificities of 75%. We excluded laboratory studies sent during the two hours prior to the index time since they would be unlikely to be useful in a predictive score that would not be assessed more frequently than every two hours. 

Statistical Analysis
We performed the analysis using Stata 11.1 (College Station, TX). We used conditional logistic regression for the bivariable, interaction, and multivariable analyses in order to account for the matching. We performed bivariable analyses to determine the unadjusted odds ratio of association between each exposure and the composite outcome. Next, we used a manual, forward-selection strategy to build a multivariable predictive model. We did not consider risk factors occurring in fewer than 10 cases and 10 controls for inclusion in the multivariable analysis. We sequentially added variables to the model in ascending order of their p-values from the unadjusted analyses. We retained variables that were independently associated with the outcome (p <0.05) or whose exclusion increased (worsened) the Akaike Information Criterion4 of the adjusted model. In order to develop a predictive model with the most accurate regression coefficients and the best possible explanatory properties, we also assessed for confounding. With each addition of a covariate using our forward-selection strategy, we identified confounding by examining whether the adjusted OR of any other covariate changed by >20%. We derived the predictive score using an established method5 in which the regression coefficients for each covariate were divided by the smallest coefficient and then rounded to the nearest integer to establish each variable’s sub-score. We evaluated the discrimination of the score using a table of sensitivity and specificity at each cut-point with confidence intervals (CIs) calculated using the Wilson score method,6 and analyzed these graphically as a ROC curve. As an alternative to the single score cut-point approach where all children above the cut-point were assumed to be at high risk and all those below the cut-point were assumed to be at low risk, we calculated stratum-specific likelihood ratios (SSLRs) of each possible score and then grouped the scores into very low, low, intermediate, and high-risk groups based on the similarity of their SSLRs. We then calculated combined strata SSLRs. We used the SSLRs to calculate stratum-specific probabilities of deterioration for each group by converting the pre-test probability of deterioration to odds, multiplying by the SSLR, and then converting the odds to probability.7
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