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Introduction
The evidence based healthcare and medical researches, and 

implementation sciences have become more and more popular in 
healthcare, nursing, medicine, and public health fields, which is 
evident from the growing number of research articles in evidence based 
medicine and evidence based practice in healthcare [1-4]. Meanwhile, 
some barriers and challenges have risen in methodological points of 
view due to the fast growing big healthcare data resulting from mobile 
technology and electronic health record applications [5-7]. These 
methodology challenges may result at various data handling stages, 
including 1) longitudinal item-response survey data with redundancy, 
noise/outliers, measurement errors and missing/dropout; 2) multiple 
weak signals or small to moderate effects aggregated over time, and 
spatially clustered or correlated with intrinsic heterogeneity; 3) 
multivariate and multilevel correlated characteristics with various 
confounders; 4) the mixed quantitative and qualitative hospital data 
structures; 5) methodology differences for handling both unstructured 
or semi-structured qualitative healthcare information. These may 
in turn end up with inconsistent or potential non-producible or 
contradicting results [5-6]. These barriers eventually may prevent the 
research outcomes to be put into practice for healthcare and policy 
decision-making that patients could benefit from. 

The purpose of this study is to examine the methodology issues and 
solution differences when evaluating the longitudinal associations of 
the hospital practice environment (HPE) and patient health outcomes 
(smoking cessation counseling (SCC) activities; heart failure (HF)) 
adjusted by other hospital characteristics (e.g., nurses attributes and 
nursing staffing variables) in the healthcare setting (e.g., rural hospitals). 
Specifically, through comparison of various statistical models and 
associated algorithms, either marginal population average models 
or hierarchical individualized conditional modeling, we examine the 

potential issues and demonstrate the solution differences for analyzing 
the longitudinal survey intervention studies. In section 2, we present 
an example of randomized controlled trial of HPE intervention 
study from rural hospitals. The sample characteristics, and baseline 
information prior to the intervention are presented. In section 3, 
various statistical modeling approaches are conducted, which include 
hierarchical linear mixed model with restricted maximum likelihood 
estimation (REML), generalized estimating equations (GEE) with 
quasi-likelihood estimation, hierarchical linear regression model with 
nonparametric least squares estimations, repeated ANOVA. Both pre 
data/item-response dimension reductions and post mediation analysis 
were conducted to further examine some related challenge issues 
involved in the longitudinal multilevel hospital environmental factors 
linked to the patient outcomes. The results are presented in section 4, 
and some discussions are provided in section 5.

Methods
Examples of the multilevel longitudinal hospital practice 
environment on patient outcome study 

Rural hospitals represent forty-one percent of nonfederal, short-
term general and specialty hospitals, and provided care for nineteen 
percent of all discharges nationally in 2006 [8]. Patient populations are 
older with poor or fair health, more likely to be uninsured, and are more 
remote from health care services. This example is drawn from medical 
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Abstract
This paper addresses methodology issues related to evidence-based healthcare research, specifically when 

evaluating and analyzing the hospital practice environments (HPE) impacts on the patient health outcomes are 
conducted in longitudinal intervention survey studies. HPE include the spatially clustered hospital characteristics, 
including practice environment scale (PES) measures, hospital facilities, nursing staffing and nursing attributes. The 
longitudinal associations between HPE and patient smoking cessation counseling (SCC) activities, and patient heart 
failure (HF) outcomes are examined. Various longitudinal and hierarchical modeling are compared including linear mixed 
models with restricted maximum likelihood estimation, generalized estimating equations with quasi-likelihood estimation, 
hierarchical linear regression models with nonparametric generalized least squares estimations, and repeated ANOVA. 
Moreover, both pre-modeling including the items/dimension reduction issues for longitudinal item-response hospital 
survey data and post-modeling (the mediation analysis) are discussed and conducted. Results show some methodology 
and solution differences when including the spatial or temporal correlations of HPE simultaneously for examining the 
longitudinal effects of HPE on HF core outcome measures adjusted or potentially mediated by SCC and nurse staffing 
environmental variables. This may have implications and potential impact for healthcare decision-making. Patients can 
benefit from these research findings. 
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surgical registered nurses (RNs) that care for HF patients (N=591 
RNs) from twenty-three rural hospitals in the eastern U.S [8-10]. The 
intervention study is a randomized, controlled trial with two cohorts: 
intervention group and control groups. The intervention includes two-
day onsite HF collaborative training by 1) access to experts through 
shared practice strategies and benchmark 2) HF tool kit; 3) monthly 
conference calls (8). Two survey’s data were collected after intervention 
for measuring the hospital quality and organizational context, which 
includes practice environment scale (PES) measures and smoking 
cessation counseling scale (SCC) measures. PES survey includes 31 
items-responses, measured using Likert scales from 1-4 [11-13]; while 
the SCC survey includes 24 items-responses measured on a scale of 
1-4 (Newhouse et al.). The nurse staffing attributes include RNs skill 
mix, RN hours per patient day (RN HPPD), RN turnover, and nursing 
characteristics such as work full or part time, highest degree, gender, 
age, ethnicity are also collected during the surveys (see Table 1 for 
descriptive statistics) [9,10]. Patient HF outcomes include four core HF 
measures: Compliance Discharge Instructions, Compliance Smoking 
Cessation, Compliance LFV, and Compliance with ACE Inhibitors 
which are repeatedly surveyed in seven consecutive quarters starting 
from September 2007 to March 2009. 

Statistically this is a structural/panel longitudinal intervention 
survey example with both spatial (twenty-three rural hospitals) and 
temporal (repeated measured over time) information included, and it 
is complex design with more than one response from more than one 
cohort, from two-level hospital-nurse/patient survey data [14]. At the 
high level, practice environment scale (PES) and SCC from twenty-
three rural hospitals (n=23) from the eastern U.S region are included. 
At the low level 1) RNs (N=591) characteristics and nursing staffing 
attributes are included; 2) HF outcomes measures from HF patients 
cared by RNs. In order to examine the longitudinal/temporal and 
spatial/hospital site effects of hospital PES, nurse staffing, nursing 
attributes on SCC activities and HF core measures in addition to 
group/cohort/intervention effect, the following methodology issues 
need be considered. 

Dimension reduction issues for longitudinal item-response 
hospital survey data 

When modeling the longitudinal relationship of the multiple item 
response survey data on repeated patient outcomes (HF), the first 
step is to reduce the potentially redundant items-responses (e.g., 31 
items for PES, 24 items for SCC) using one or more latent variables 
or hidden factors for the dimension reduction prior to modeling 
the interested relationships. In healthcare or health service research 
fields or psychology, social behavioral sciences, one frequently used 
dimension reduction method is the “Item Parceling” method [15,16], 
which is considered as a coarse variant of factor score regression [17]. 
Item parceling involves summing or averaging item scores from two or 
more items, and uses these parcel scores (or “scale score” in personality 
psychology) as observed “latent variable scores” to estimate and 
evaluate the relationships between latent variables [15].

In the example survey data, PES with 31 items and SCC with 

24 items measured from scale 1-4, item parceling is employed by 
aggregating and summing the responses of the items with a summary 
index to create/measure the overall score of PES and SCC, respectively. 
The rationale for the use of item parcels in the follow-up modeling 
approaches were as follows: (1) the reliability of item parcels will be 
greater than the raw scales [16]; (2) when the data contain raw items 
that are non-normally distributed or/and coarsely categorized (e.g., 
roughly scaled from 1-4), item parcels based on a large number of 
items often can be regarded as normally distributed, and normal 
theory based maximum likelihood techniques are applicable to such 
data; (3) Item parceling reduces the number of variables/items in the 
follow up analysis in addition to the multicollinearity issues, thus 
also reduce the ratio of variables to subjects, which will lead to more 
stable estimates with better model fit than estimation using the raw 
items; (4) the variance shared between items (true score variance) is 
still preserved, while unshared variance (uniqueness) shrinks (5) the 
reduced correlated residuals or dual loading, the nuisance effects (not 
be of interest) are also minimized a follow-up model [15,18-20]. 

Moreover, five established PES composite sub-indexes were 
constructed and computed for 31 PES items-responses for item 
dimension reductions, which are Nursing Participation in Hospital 
Affairs (NPHA), Nursing Foundations for Quality of Care (NFQC), 
Nurse Manager Ability Leadership and Support of Nurses (NMALSN), 
Staffing and Resource Adequacy (SRA), and Collegial Nurse Physician 
Relations [13]. In addition, factor analysis was further conducted for 
item/dimension reductions for comparison purposes.

Modeling for multi-level hospital survey data with 
longitudinal intervention design 

The typical repeated measurement or longitudinal data analytical 
methods are linear mixed effect models (LMMs) or GEE in addition to 
repeated ANOVA (treat time as a factor) and hierarchical linear models 
[20-25]. Different types of models can be distinguished depending 
on whether the latent variables are assumed for the time dimension 
(e.g., ANOVA with time as a factor) and/or for the outcome repeated 
measurement dimension, and whether it measures and assesses how 
the association between the various outcomes evolves over time [21]. 
The use of latent variables allows for more flexible data structures but 
also has important implications with respect to the interpretation of 
the various model parameters in order to understand the association 
between the evolutions of all outcomes.

In our example, data was collected in a form of longitudinal panel 
data, i.e., the same hospital was observed over seven consecutive 
quarters with eighteen months periods and the survey data measured 
from the same hospitals were correlated. In order to model PES 
relationships on SCC activities adjusted by nurse attributes covariates, 
and longitudinal effects of PES on HF core outcome measures adjusted 
nurse staffing environmental variables or potentially mediated by 
SCC intervention, various types of models could be considered to 
incorporate such complex features and data structures: 1) adjusted 
effect with confounding/modifiers included versus unadjusted effects; 
2) multi-level or hierarchical models versus single/one level model; 3) 
mixed models versus fixed or random effect models; 4) conditional 
models versus marginal models. 

For comparison purposes, the following statistical methods are 
conducted for examining the primary PES effect and nurse attributes on 
SCC outcomes. First, conditional LMMs are applied with the inclusion 
of both a fixed and a random component [26]. The fixed component 
estimates the PES and nurse attributes (work full or part time, highest 

Independent variable Minimum Maximum Mean Std. Deviation
RN Skill Mix -2.60 2.30 0.01 0.99
RN HPPD -0.55 1.35 -0.14 0.27
RN Turnover -0.48 1.19 -0.10 0.26
PES -1.46 2.37 0.05 1.00

Table 1: Descriptive statistics of nurse staffing attributes and PES parcel score/
index from rural hospitals.
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degree, gender, age, ethnicity) effects, whereas the random component 
estimates the heterogeneity across hospital clusters in the regression 
coefficient. Specifically, in the high level, hospital sites (n=23) are 
assumed with random effect to incorporate the spatial correlations; 
while at the low level, PES and nurse attributes (work full or part time, 
highest degree, gender, age, ethnicity) are assumed as fixed effects. 
LMMs are used to analyze changes in individual response means, and 
are therefore appropriate for the modeling and prediction of individual 
response profiles by accounting for individual-specific heterogeneity 
and differences. REML is applied for unbiased or less estimations of 
both random and fixed effects compared with maximum likelihood 
estimations. 

Next, population average marginal GEEs with quasi-Likelihood 
estimation are employed for the example data. Similar to LMMs, at 
the low level, PES and nurse attributes (work full or part time, highest 
degree, gender, age, ethnicity) are treated with fixed effects while high 
level correlated hospitals are assumed with random effect. The temporal 
correlations are assumed with exchangeable correlation structures 
after examining various correlation structures (e.g., independent, 
unstructured, etc.). Estimating the correct working correlation 
matrix provides efficiency parameter estimates, but if it isn’t correctly 
estimated, the model parameters from GEEs tend to be consistent [27]. 
Another advantage of GEEs is the robust standard errors estimates to 
account for the within-subject correlations for repeated measurement 
data. Note that the marginal GEEs are appropriate if the research focus 
is on population-average, and the mean response depends only on the 
covariates of interest, not on any random effects or previous responses 
like LMMs, which focus on individual variability. In addition, one level 
repeated ANOVA and hierarchical linear models were also employed 
for comparison purposes [28-31]. Both models simultaneously include 
time/temporal/longitudinal information and spatial/hospital as either 
independent variables or latent factors in the modeling process. 
Similarly, PES and nurse attributes (work full or part time, highest 
degree, gender, age, ethnicity) are treated as fixed effects while hospital 
sites are treated as random effect in the hierarchical linear model.

Post mediation analysis with GEE for PES effect on HF core 
measures adjusted by SCC intervention and nursing staff 
factors

The major benefit of mediation analysis is that it can efficiently 
model both the direct and indirect effects of the mediation process 
to gain precisions by pooling all information together, especially 
if missing data appeared, unbalanced, and correlated multilevel 
longitudinal data. LMMs and structure equation models (SEMs) are 
commonly used methods for mediation analysis [32]. For instance, 
Blood et al. have conducted a study that compare LMMs with SEMs 
for the mediation analysis, the study showed that both models fit well 
to mediation analysis. Power for both models was good with a sample 
of size of 250 and a small to medium effect size [33]. Bias did not 
substantially increase for either model when data were generated from 
distributions that were both skewed and kurtotic. In settings where the 
goal is to evaluate the overall effects, the LMMs excluding mediating 
variables appear to have good performance with respect to power, 
bias and coverage probability relative to the SEM. Here we conduct 
the mediation analysis using GEEs instead of LMMs given our focus 
on the population average effect instead of prediction of individual 
response profiles for healthcare setting. Moreover, marginal effects 
are easy to understand and interpret for informed decision making. In 
GEEs mediation analysis, PES is primary interest, SCC Intervention is 
a mediator, nursing staffing variables and time effects from quarter to 

quarter are effect modifiers and confounders, and HF core measures 
are outcome variables.

Results
Reliability statistics

Reliability statistics for PES with 31 items measured on scale 1-4 
using two ways mixed Cronbach's Alpha is 0.941, while one-way 
random model, Cronbach's intra correlation coefficient (ICC) Alpha 
is 0.939. Both indicate that the hospital sample survey means for PES 
items have high reliabilities of 0.94 as an estimate of its unknown 
population mean. Similarly, for SCCs with 24 items measured on a 
scale of 1-4, Cronbach's Alpha for ICC is 0.951, which indicates the 
consistency and agreement among the measured items and provides 
the justification of using aggregated sum/composite index measures or 
un-weighted composite measures as either predictors or the outcome 
measures for handing multicollinearity issues of items for the following 
up models.

Dimension reduction for longitudinal item-response survey 
data

Table 1 displays the descriptive statistics of PES summary/
composite index and the nursing staffing attributes. Table 2 displays 
descriptive statistics of aggregated summary scores index of HF core 
measures at baseline. The means from both tables show much smaller 
than the corresponding standard deviations (SDs), which may indicate 
the small or weak effect and large variations with more heterogeneity 
appeared in the PES of the survey data as we discussed earlier. The 
comparison between the item/unit-level analyses and aggregated 
analyses suggests that the aggregated summary index reduced the 
variations in the item-response variables so that their associations in 
the follow up analysis became detectable. Moreover, five established/
popular PES composite sub-indexes (NPHA, NFQC, NMALSN, SRA, 
and CNPR) are also employed to 31 PES items for item dimension 
reductions. However, the correlations among the five aggregated 
composite sub-index is medium to large (Pearson correlation 0.35 to 
0.71, see Table 3), which prevents including these five composite sub-
index measures simultaneously in the follow-up modeling approach 
for examining the relationships of PES on patient outcomes (e.g., HF 
or SCC) due to potential multicollinearity issues. 

Factor analysis is further conducted for item/dimension reductions 
for comparison purposes, in which the latent factor scores can be 
estimated by linear combinations of the discrete observed item into a 
few extracted factors. For 31 PES items, the first six extracted factors/
principal components explained 59.3% total PES variations, while 
the first factor explained majority (36%) variation and the rest each 
only small percentage of variance (6%, 6%, 4%, 4%, 3% respectively). 
Similarly, for 24 SCC items, 4 factors explained 70% SCC variations. 
Although factor score regression analysis can be considered with these 
calculated factor scores for inferring the relationships between these 
latent variables and other external outcome variables. The issues with it 
are difficulties of the interpretations for the newly constructed factors 

Dependent variable Minimum Maximum Mean Std. 
Deviation

Compliance Discharge Instructions -2.98 0.83 0.09 0.78
Compliance Smoking Cessation -2.97 1.36 0.10 0.73
Compliance LFV -2.86 0.56 0.11 0.72
Compliance with ACE Inhibitors -2.24 0.74 0.08 0.83

Table 2: Descriptive statistics of patient composite heart failure outcome core 
measures at baseline.
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and also potential bias issue [18]. The focus for this study is comparison 
of the longitudinal modeling from both spatially and temporary 
correlations survey data, to make the comparisons of the modeling 
approaches consistent and easy to interpret, the uni-dimensional 
summary index of both SCC and PES are applied for the follow-up 
modeling comparisons.

Comparisons of statistical methods/models for the effects of 
PES on SCC activities adjusted by nursing staff and hospital 
sites 

Prior to examining the effects of PES and nursing attributes on SCC 
activities, the hospital sites/cluster effects are examined using variance 
component analysis to explore how outcomes vary with hospital 
(higher level) rather than nursing characteristics (lower level) [28]. 
The intra correlation coefficient of hospital site effect is 0.07, indicating 
seven percent of variance explained by the hospital sites in occurrence 
of SCC activities and there are small variations among the hospitals. 
As Cohen suggests, if the ICC is higher than five point nine percent, 
the cluster effect (repeat panel data) within the same aggregate unit 
(hospital) in estimating the regression model cannot be neglected [34]. 

The comparisons among LMMs, GEEs, Hierarchical linear 
regression and repeated ANOVA for PES on the SCC activities adjusted 
by the nursing attributes (work full or part time, highest degree, 
gender, age, ethnicity) also show the differences of the estimated effects 
and precisions (standard errors) (Table 4). Marginal GEEs take into 
account the population-averaged relationship, while LMMs express the 
relationships on inter-individuals via random effects. The differences 
between parameter estimates of the two models may depend on the 
between-individual heterogeneity over time, which are described by 
the random intercepts and random slopes (time-before, and time-after) 
variances in the LMM (random effects) [35-40]. This inter-individual 
heterogeneity shows the differences between the parameters estimate 
of the marginal GEE and the random/conditional effect LMMs. In 
our study, the effect of PES on SCC using multilevel LMMs, the beta 
is 0.297 (t=4.9, p<0.001), 95% CI: (0.178, 0.416). With marginal GEEs, 
PES effect beta is 0.283 (Wald t=27.4 p<0.001) 95% CI (0.177, 0.389).

Compared LMMs, GEEs with hierarchical linear regression model 
or repeated ANOVA, e.g., in the hierarchical linear model, high level 
hospital sites with random effects, PES and nurse attributes as fixed 
effects, the estimated PES effect on SCC adjusted by the nurse attributes 
(work full or part time, highest degree, gender, age, ethnicity), 
beta=0.295 (t=4.99 p<0.0001), 95% CI (0.179, 0.412), which is very 
similar to LMM estimates since both methods are conditional models 

with inclusion of random effects for the heterogeneity in addition to 
the advantage of handling missing data. In the repeated ANOVA, 
PES explained 5.9% variance on SCC activity outcome adjusted by 
the nursing attributes. While PES only explained 4.9% variance on 
SCC without adjusted nursing attributes and the estimated PES is also 
smaller (beta=0.273, t=4.77, p<0.001, 95% CI (0.161, 0.386) compared 
with above adjusted effects (Table 4). 

Besides above estimates differences, the interpretations among these 
compared models are also different. For instance, in marginal GEEs, 
the interpretation for the estimated regression coefficients represent 
population-averaged values and describes how the average values for 
the response variable may be changed in the studied population, and 
relates to the sub-population that includes the covariate comparing 
the sub-population not including that covariate. In the LMMs, the 
interpretation for the regression coefficient describes how any variables 
for any subject are subject to change and is for a person that has a 
covariate, when compared to the same person not having a covariate 
[41]. In our example, for GEEs, PES effect on SCC is 0.283 adjusted by 
the nurse attributes indicating that every one unit increase in PES, the 
average SCC will increase 0.283 for the studied population; while for 
LMMs, PES effect on SCC is 0.297, indicating one unit increases in PES, 
SCC increase 0.297 for the given subject after adjusting the covariates. 
These results show that the aggregated PES scores are associated with 
nurses who implement more smoking cessation interventions in 
addition to the significant hospital site/cluster differences. The nurse 
attributes (work full or part time, highest degree, gender, age, ethnicity) 
are not associated with more smoking cessation counseling (SCC) 
activities, which might be partially due to these nurse attributes being 
measured at the individual/low level with larger variations while PES 
scores are aggregated at the hospital/higher level.

The longitudinal effects of PES on heart failure core measures 
adjusted by nurse staffing variables 

Since marginal GEEs have merits of easy understanding with 
population average effect interpretations, which also include the 
group/cluster effect adjusted with more precise estimates (smaller 
SE, less wide 95% CI) based on Table 4, we further conduct marginal 
GEEs to examine the longitudinal effects of PES on four HF core 
measures adjusted by nurse staffing variables (RNs skill mix, RN 
hours per patient day (RN HPPD), RN turnover). After testing various 
correlation structures including independent, exchangeable, AR (1) 
etc., AR (1) correlation is used for obtaining the estimates based on the 
best model selection criteria [27]. Table 5 displays the estimated effects. 
PES shows significant effect on Compliance Left Ventricular Function 

NPHA NFQC NMALSN SRA CNPR
Nursing Participation in Hospital Affairs 1 .710** .691** .501** .486**
Nursing Foundations for Quality of Care .710** 1 .635** .531** .517**
Nurse Manager Ability Leadership and Support of Nurses .691** .635** 1 .514** .436**
Staffing and Resource Adequacy .501** .531** .514** 1 .375**
Collegial Nurse Physician Relations .486** .517** .436** .375** 1
Note. ** p<0.01 (2-tailed). 

Table 3: The correlation matrix of five established PES composite sub-index summarized from 31 items.

Methods Standardized estimated beta 95% CI
LMM (REML) (adjusted) 0.297 (0.178, 0.416)
GEE (adjusted) 0.283 (0.177, 0.389)
Hierarchical LM or repeated ANOVA (adjusted) 0.295 (0.179, 0.412)
Repeated ANOVA with Variance component model (unadjusted) 0.273 (0.161, 0.386)

Table 4: Comparisons of PES effect estimates from four methods on patient SCC activities adjusted by the nursing attributes.
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core measure (beta=0.217, 95% CI (.054, .379)). Moreover, nursing 
staffing variable, RN Turnover also shows significant negative effects 
on all four-core measures, indicating reductions of RN Turnover 
would have positive impacts on the patient HF outcomes.

Mediation analysis with GEE for PES effect on HF core 
measures mediated by SCC intervention and adjusted by 
nurse staffing 

Although existing studies indicate adjusted LMMs appear to be 
the more suitable rather than the GEEs in some situations [41], we 
performed mediation analysis using GEE for PES effects on HF in order 
to be compared to above analysis results. In GEE mediation analysis, PES 
is our primary interest (rather than the intervention), SCC intervention 
serves as a mediator, nursing staffing variables are confounders, and 
HF core measures are outcome variables. Time effect from quarter 
to quarter is also included as effect modifier to help identify whether 
there are delayed, transient, or cumulative effects during/after the 
interventions [5]. Results shows that although SCC shows no effect on 
HF core measures, the estimated PES effects are slightly different than 
without SCC intervention mediator from 4.4, e.g., on Compliance Left 
Ventricular Function core measure, either with or without SCC, PES 
has significant effects (beta=0.262 versus beta=0.217); while with SCC 
mediator, PES shows also significant effects on Compliance Smoking 
Cessation (beta=0.133, 95% CI is (.002, .264) (Table 6). In addition, 
both PES and nursing Turnover found consistent associations on HF 
outcomes either with or without SCC intervention, both at the overall 
time trend and seasonality/quarterly levels. 

Discussions and Conclusion
Mixed quantitative and qualitative healthcare data structures 

(continuous, ordinal/Likert scale, nominal) are common in healthcare 
and evidence based medical researches [35]. Analyzing mixed 
longitudinal hospital survey data is a challenge task due to some of 
the special features, e. g, multilevel correlated characteristics with 
heterogeneity and various confounders, small or weak aggregated effects 
on patient outcomes both spatially and temporally, and redundant, 
measurement errors/noises or missing data often appearing in the 
survey panel data. In this paper, several longitudinal models including 
LMMs, GEEs, hierarchical linear models, and repeated ANOVA are 
applied and compared to examine the methodology differences for 
the longitudinal relationships of the hospital practice environments 
(PES) on the patient outcomes adjusted by other hospital attributes/
characteristics in the healthcare intervention studies. The distinction 
between GEEs (marginal) and LMMs (conditional), and hierarchical 
linear regression and repeated ANOVA depends on the specific 
scientific question to be addressed with different interpretations. 
The results show the differences regarding the coefficient estimates 
and the associated standard errors, e.g., PES effects on SCC from the 
marginal GEE are smaller and precision is higher than those from 
multiple level conditional LMM and hierarchical LM adjusted for the 
hospital confounders. When the cluster effects are significant and non-
ignorable, the longitudinal multi-level data with either LMM or GEE 
is appropriate with fewer samples, better power, and more precise 
estimates that incorporate both temporal correlations with repeated 
measurements and spatial correlations with clustered hospitals effects. 

Moreover, despite some debates involved the item parceling 

 Compliance discharge 
instructions

Compliance smoking cessation Compliance left ventricular 
function

Compliance with ACE inhibitors

 Standardized 
beta

95% CI Standardized 
beta

95% CI Standardized 
beta

95% CI standardized 
beta

95% CI 

RN Skill Mix         
RN HPPD         
RN Turnover -1.042** (-1.777, -.307) -1.148* (-2.180, -.117) -.893* (-1.784, -.002) -1.044* (-1.820, -.269)
PES     .217** (.054, .379)   

Note. Study periods from Sept., 07 to March 09; n=591 nurses; N=23 hospitals with GEE (AR (1) correlation).
**p<0.01; * p<0.05. Only significant effects with beta estimates and 95% CI were reported.
Table 5: PES effects on heart failure core measures (compliance discharge instructions, compliance smoking cessation, compliance left ventricular function, compliance 
with ACE Inhibitors) adjusted by of nurse staffing variables.

 
 

Compliance discharge 
instructions

Compliance smoking cessation Compliance left ventricular 
function

Compliance with ACE 
inhibitors

Standardized 
beta

95% CI Standardized 
beta

95% CI Standardized 
beta

95% CI Standardized 
beta

95% CI 

RN Skill Mix         
RN HPPD         
RN Turnover   -.724* (-1.424, -.023) -.501* (-.921, -.081)   
Practice Environment (PES)   .133* (.002, .264) .262** (.086, .437)   
SCC Intervention/Control         
Time (Quart7 vs. quart1)     .334** (.156, .513)   
Time (Quart6 vs. quart1)         
Time (Quart5 vs. quart1) .341* (.014, .667)   .420** (.171, .668)   
Time (Quart4 vs. quart1)         
Time (Quart3 vs. quart1)         
Time (Quart vs. quart1)         

Note. Study Periods (7 quarters From Sept., 07 (quarter 1) to March 09 (Quarter 7); n=591 nurses; N=23 hospitals) 
**p<0.01 *p<0.05. Only significant effects with beta estimates and 95% CI are reported. 

Table 6: Mediation analyses with GEE for longitudinal effects of PES and SCC on HF adjusted by context nurse staffing variables.
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approach for the item-response reduction, we utilized the aggregated 
uni-dimensional un-weighted summary index for the longitudinal 
modeling approach comparisons. In addition, five popular hospital 
sub-index measures and factors analysis (weighted sums of individual 
items) are compared and discussed. The advantage with item parceling 
is its potentials for minimizing the errors and sources of variance 
from correlated residual or dual loading and diminishing the size of 
nuisance effects from item-level solution. In addition to handling the 
multicollinearity issues for the modeling approaches and eliminating 
the weak signal or redundant/duplicated effects of each item. 
Population effects in the item-level model might be made smaller in 
the parcel-level model [41,42]. Other hierarchical factor analysis for the 
construction the composite index will be explored in future work by 
evaluations of weighting algorithms in determining weights that take 
into account mixed quantitative and/or qualitative measures, and the 
multicollinearity issues. Other popular latent variable modeling for 
both longitudinal mediation analyses together with the hierarchical 
factor analysis will be compared, e.g., using the upper level and lower 
factor scores in a larger SEM or GEE. Last, but also important to 
mention that current dominant method for mixed quantitative and 
qualitative healthcare data structures (continuous, ordinal/Likert scale, 
nominal) is treating Likert scale data as continuous data rather than 
ordinal/categorical data. This is relevant to how we model such data 
either categorical data analysis methodology or classical continuous 
normal theory, and corresponding statistical solutions for longitudinal 
survey data.  
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