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Abstract 18 

Background: Obesity and its co-morbidities account for a large proportion of chronic 19 

disease in the U.S. In an effort to reduce rates of obesity among children, YMCA of the 20 

USA (Y-USA) has developed a program called Healthy Weight and Your Child (HWYC), 21 

a multi-session intervention program for children carrying excess weight aged 7-13 years 22 

old delivered through local YMCAs. To date, 19 local YMCAs have successfully delivered 23 

pilot versions of the program. As Y-USA moves from the validation stage of HWYC to 24 

translating and scaling the program, Y-USA hopes to improve the model by identifying 25 

factors in program delivery that best lead to successful delivery of the program. This 26 

analysis used classification and regression tree (CART) modeling to identify such 27 

explanatory factors that predict successful delivery of HWYC in local YMCAs, as 28 

measured by ‘Change in child BMI’ and ‘% Attendance.’ 29 

Methods: Participants in HWYC pilot programs included children with obesity  30 

(BMI > 95th percentile for age and gender) (n = 782). Data collection included baseline 31 

and session 20 weight, height, and waist circumference measures, as well as 32 

demographic information. Attendance was measured at every program session. Bivariate 33 

and CART analysis was performed in R using previously collected and de-identified data. 34 

Results: CART analysis found that a participant’s attendance is most predicted by the 35 

YMCA site delivering HWYC, as well as demographic factors such as race and eligibility 36 

for free/reduced lunch. The baseline BMI of the accompanying adult also influenced 37 

attendance. CART also found that class size was a major predictor of change in child’s 38 

BMI, as were program model (yearlong vs. condensed) and sex.  39 
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Conclusions: The CART analysis successfully identified several factors that predict both 40 

attendance and child’s BMI change among participants in the HWYC program. Results 41 

suggest that Y-USA should scale HWYC to more YMCAs using the condensed 4-month 42 

program model to achieve greater successful outcomes. Additionally, individual YMCAs 43 

may need to consider the demographics of their unique communities in order to improve 44 

both attendance and BMI reduction. As the sample size of the condensed program was 45 

small (n = 120), future studies are required to better understand unique explanatory 46 

factors that predict successful delivery of HWYC under this program model.  47 

Keywords: CART, regression, childhood obesity, YMCA, HWYC 48 

 49 

Introduction 50 

Public Health Relevance 51 

According to the Center for Disease Control and Prevention (CDC), chronic 52 

diseases account for 7 of 10 deaths in the U.S. and 86% of U.S. health care costs, thus 53 

contributing great disease and economic burden in this country (1). Chronic diseases 54 

include heart disease, stroke, cancer, type 2 diabetes, and obesity. Despite the severe 55 

morbidity and mortality associated with chronic disease, many of these diseases could 56 

be prevented, delayed, or alleviated through simple lifestyle changes (2).  57 

Obesity and its co-morbidities account for a large proportion of chronic disease in 58 

the U.S. According to the National Institute of Diabetes and Digestive and Kidney 59 

Diseases, in 2010 roughly 66.7% of U.S adults were considered overweight or obese (3), 60 

and 33.3% of U.S. children between the ages of 6 and 19 were considered overweight or 61 
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obese. Furthermore, approximately half of all Americans are projected to suffer from 62 

obesity in 2030 (4). Obesity is associated with several co-morbidities, such as type 2 63 

diabetes, cardiovascular disease, and stroke, all of which are leading causes of death in 64 

the U.S. (5). For example, the CDC estimates that 29.1 million or 9.1% of the population 65 

currently suffers from type 2 diabetes and that an additional 37% of adults over age 20 66 

are pre-diabetic (6). 67 

With such a large burden of morbidity and mortality associated with obesity, it is of 68 

urgent public health importance to identify effective treatment and prevention strategies 69 

to curb the incidence of this chronic disease. Many efforts to reduce morbidity and 70 

mortality focus on reducing incidence and prevalence of obesity in adults. Others instead 71 

focus on childhood obesity to prevent eventual adult incidence of both obesity and its co-72 

morbidities.  73 

YMCA’s Healthy Weight and Your Child Program  74 

YMCA of the USA (Y-USA) is one such organization that is focusing on reducing 75 

childhood obesity to prevent adult obesity. Y-USA is the national resource office for local 76 

Ys in the U.S. Their mission is to help Ys achieve their goals by providing them with 77 

services, support, and programming. Y-USA is dedicated to strengthening community 78 

through youth development, healthy leaving, and social responsibility (7). One objective 79 

of Y-USA is to promote community integrated health by strengthening linkages between 80 

traditional health care and community-based prevention strategies in order to help 81 

individuals prevent, delay, or live better with chronic diseases (8).  82 
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Y-USA is currently contributing to the efforts of combating childhood obesity 83 

through its program called Healthy Weight and Your Child (HWYC), a childhood obesity 84 

intervention program modeled after the evidence-based Mind, Exercise, Nutrition, Do it! 85 

program more commonly known as MEND. MEND is a 20-session program that meets 86 

for 2 hours roughly twice a week and is attended by the child and at least one parent or 87 

caregiver (9-11). The first hour consists of an interactive family session on nutrition and 88 

behavior topics, while the second hour focuses on fun exercise for the children while the 89 

parents meet for support and discussion.  90 

Y-USA has a license to adapt MEND for delivery in YMCAs and seeks to 91 

implement its own version (HWYC) in YMCAs across the country (12). HWYC is currently 92 

in the validation and translation stages of program development. In adapting MEND for 93 

delivery in YMCAs, Y-USA has made several adjustments to the original model. First, 94 

HWYC specifically targets children aged 7 to 13 years old with a BMI above the 95th 95 

percentile. Second, Y-USA adjusted the original MEND schedule with a step down 96 

approach so that sessions occur weekly, then every other week, and then eventually 97 

monthly (9). Thus, overall the program lasts nearly an entire year rather than 20 weeks in 98 

MEND.  99 

 To date, nineteen individual YMCAs have piloted the program since 2015. Though 100 

the program appears successful in lowering BMI and waist circumference in participants, 101 

the improvement in BMI and waist circumference outcomes have not been as great as in 102 

MEND. Additionally, attendance rates have been lower than expected. Thus, one major 103 

adjustment that Y-USA has recently implemented is reverting the program schedule to 104 

mirror the original program cadence and length of MEND. As such, five YMCAs have 105 
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piloted a condensed version of the program that consists of 25 sessions delivered over 4 106 

months. Preliminary analysis seems to suggest that this adjustment improves outcomes 107 

to a greater degree than the yearlong model. Y-USA plans to move forward with this 108 

shorter version of the program. 109 

 As Y-USA moves from the validation stage of HWYC to translating and scaling the 110 

program, Y-USA hopes to confirm that a shorter condensed program model indeed 111 

improves outcomes to a greater degree than a yearlong model. Y-USA also seeks to 112 

identify and address other factors relating to program implementation that may affect 113 

HWYC outcomes. The literature surrounding the success of MEND may inform potential 114 

factors that influence success of HWYC. For instance, one study found that higher 115 

attendance was correlated with better outcomes (13). Another study found that sex, race, 116 

socio economic status, baseline BMI, class size, attendance, and instructor experience 117 

all predicted changes in BMI and self-esteem after completion of the program (14). Yet 118 

another study found that certain costs (both monetary and time) related to the program 119 

may be barriers to participation, and thus success, of the program (15). Since these 120 

factors have already been shown to affect outcomes of MEND, they may potentially also 121 

influence outcomes of HWYC. However, additional analysis is required to determine if 122 

these factors or others influence delivery of this curriculum in the YMCA setting. By 123 

identifying these explanatory factors, Y-USA can then focus adjustments of HWYC to 124 

further improve program outcomes as HWYC scales to more YMCAs across the country.  125 

 Preliminary linear logistic regression analyses of pilot data conducted by Y-USA 126 

have identified several factors that are associated with successful delivery of the pilot 127 

program. For instance, Y-USA has identified race and eligibility for free/reduced lunch, as 128 



 7 

well as whether or not a participant’s family has a YMCA membership, as potential 129 

predictors of attendance (personal communication). They also have found that whether 130 

or not a healthcare professional recommended the participant to the program may predict 131 

change in BMI. Since these original analyses, additional data has been collected on 132 

YMCA HWYC pilot programs. Here, we describe implementation of a classification and 133 

regression tree analysis (CART) to confirm these findings from the preliminary logistic 134 

regression in an expanded data set. In addition to identifying explanatory factors in 135 

predicting HWYC outcomes, this method also ranks explanatory factors in order of 136 

decreasing influence on the outcome. Thus, this method has the additional benefit of 137 

prioritizing factors that may be adjusted to improve delivery of HWYC in local YMCAs.   138 

Methods and Resources 139 

Participants 140 

 Participant data from HWYC programs included in this study was previously 141 

collected and de-identified by employees in the Research, Evaluation, and Data Sciences 142 

(REDS) department at Y-USA, located in Chicago, IL. Participants included children aged 143 

7-13 years old with a BMI at or over the 95th percentile for age and gender. Participants 144 

and an accompanying adult (mother, father, or grandparent) were recruited to participate 145 

in HWYC by each individual YMCA. In total, 19 local YMCAs located across the United 146 

States recruited and collected data on a total of 782 individuals.  147 

 The HWYC programs included in the analysis were delivered in two formats: first, 148 

as a yearlong program with a step-down approach such that sessions occurred weekly, 149 

then every other week, and then eventually monthly; and second, as a condensed 150 
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program delivered within 4 months. While a majority of data collected are from 151 

participants within the yearlong model, 5 YMCAs studied here delivered both models. 152 

Thus, analysis is done in two ways: first, utilizing the full data set (including participants 153 

in both models (n = 782)); and second, directly comparing both models of the program by 154 

only including individual data from the 5 YMCAs that delivered both the yearlong model 155 

(n = 351) and the condensed program model (n = 120).  156 

Data Collection  157 

Data collection included weighing both child participants and their accompanying 158 

adults at session 1, as well as measuring waist circumference and height of the child at 159 

session 1. These measures were also taken at the 20th session of the HWYC program to 160 

assess change. The measurements were recorded and stored in REDCap (Research 161 

Electronic Data Capture) (16) by trained administrators of the HWYC curriculum at each 162 

local YMCA and analyzed by members of the REDS department at Y-USA. Local Y 163 

program leaders also recorded attendance at every session, defined as the number of 164 

sessions attended divided by the number of sessions offered (‘% Attendance’). As part of 165 

the curriculum, families were given an at-home activity that corresponded to the content 166 

of the session. Families were given credit for goal tracking if they demonstrated that they 167 

completed some of this activity. Thus, ‘Goal Tracker Completion %’ is a measure of the 168 

number of take-home activities completed divided by the number of take-home activities 169 

assigned.  170 

Upon enrollment, program administrators also gathered demographic information 171 

from the accompanying adults, including child age, sex and race. As a proxy for socio-172 
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economic status, it was also determined whether the children were eligible for free or 173 

reduced lunch at school. Other information was collected about participants such as 174 

whether the family of the child had a membership at a local YMCA; the relationship of the 175 

accompanying adult to the child; and whether the family and child were referred to the 176 

program by a health care professional, including doctors and school nurses or another 177 

source.  178 

Additional variables include ‘class size,’ defined as the number of participants in a 179 

group who attended more than 5 sessions. For other analyses done by Y-USA, they 180 

define regular participation as those who attend more than 5 sessions (also used by 181 

MEND). By defining class size in this way, one can understand how the number of regular 182 

participants in a group influences overall attendance rate and success of the program, as 183 

measured by a drop in BMI. The variable ‘session 1 size’ refers to the number of 184 

participants who attended the very first session of the class. This variable was used to 185 

determine how the number of participants at the start of the HWYC program may influence 186 

the likelihood of participants returning to future sessions and in the ultimate success of 187 

the program.  188 

Bivariate Analysis 189 

 All data analysis was conducted using R (17). First, descriptive statistics were 190 

calculated on all variables, both in the full data set (Table 1) and in the yearlong vs. 191 

condensed program data set (Table 2). The variables of class size and goal tracking 192 

completion % include all enrollees regardless of whether they attended >5 sessions.  The 193 

Shapiro-Wilk normality test and Q-Q plots were used to assess normality of all continuous 194 
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variables, both in the full data set as well as in the yearlong vs. condensed program data 195 

set. Descriptive statistics were calculated and reported using the ‘tableone’ package in R 196 

(18).  197 

 Next, bivariate analysis was used to assess association between predictors and 198 

two outcomes of interest: ‘% Attendance’ and ‘Change in child BMI’. Since the goal is to 199 

identify factors that may predict either ‘% Attendance’ or ‘Change in child BMI’, only 200 

baseline factors and other variables representing change (Session 1 – Session 20), were 201 

evaluated in the bivariate analysis and subsequently included in the CART analysis. 202 

Those variables included as explanatory factors of interest are shown in Table 3 for the 203 

full data set and in Table 4 for the yearlong vs. condensed program data set. If a 204 

participant was missing data on an outcome, this individual was not included in the 205 

analysis of that particular outcome. Similarly, if an individual was missing data on a 206 

predictor, that individual was not included in bivariate analysis of that predictor with the 207 

outcome. 208 

Since both outcomes are non-normal continuous variables, the Wilcoxon rank sum 209 

test was used to assess statistical significance between the individual outcomes and each 210 

binary predictor. The Kruskal-Wallis rank sum test was used to assess significant 211 

association between the outcomes and categorical predictors with greater than 2 groups. 212 

Lastly, the Spearman rank correlation analysis was used to assess significant correlation 213 

between the outcomes and each continuous predictor. The results of these tests of 214 

association are summarized in Table 3 for the full data set and in Table 4 for the yearlong 215 

vs. condensed program data set. Predictors with association p-values less than or equal 216 

to 0.15 were used as inputs for the CART models to identify explanatory variables. This 217 
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more lenient statistical cut off was used in order to allow identification of higher order 218 

interactions between variables in CART, as detailed below, that may otherwise be missed 219 

in a bivariate analysis alone. 220 

CART Analysis 221 

A Classification and Regression Tree (CART) analysis was performed to identify 222 

explanatory factors that predicted successful delivery of HWYC, as measured by two 223 

outcomes: ‘% Attendance’ and ‘Change in child BMI’. This method creates a tree that 224 

arranges explanatory variables in a hierarchy of decreasing influence on the response 225 

variables (19). The CART algorithm analyzes all input explanatory variables (continuous 226 

or categorical) and determines which binary division of a single explanatory variable best 227 

reduces variance in the response variable (continuous or categorical) (20). For 228 

continuous variables, the split is chosen that maximizes the between-groups sum-of-229 

squares in an analysis of variances, which is a measure of the impurity, or diversity, of a 230 

node (21). The aim of each split is thus to improve the purity of the child nodes and reduce 231 

residuals.  232 

Another way of thinking about this algorithm is that it identifies the variable that 233 

splits the data into two subgroups that are each more homogenous with respect to the 234 

outcome. It continues to do this by splitting each subgroup into more and more 235 

homogenous subgroups by choosing the predictor that best splits the subgroup.  After 236 

partitioning the data along that variable, the method creates cut off values for continuous 237 

outcomes and group values for categorical outcomes (9, 22). The algorithm determines 238 
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the next most explanatory variable for each partition and continues splitting the data until 239 

further splits no longer explain additional variance in the data set.  240 

To assess the two continuous outcomes of ‘Change in child BMI’ and ‘% 241 

Attendance’, regression trees were generated using the ‘rpart’ package in R which 242 

generates decision trees using the original CART algorithm (23). Rpart uses ANOVA to 243 

minimize variance at each split along an explanatory variable and continues recursively 244 

splitting the data until no improvement can be made. At each node, a summary value is 245 

given to describe that node, which represents the mean value of the outcome in that 246 

subset of the data. The program first builds an over fit model using inputs that include all 247 

explanatory variables identified from the bivariate analysis independently associated with 248 

the outcome (21). Then, this initial model is manually “pruned” by selecting the fewest 249 

number of splits that contribute to the overall fit of the model, as determined by root mean 250 

squared error (RMSE) and the complexity parameter (cp), a measure of the ‘cost’ of each 251 

additional split (19, 21, 24). 252 

With regards to missing data, ‘rpart’ takes an ambitious approach towards handling 253 

missing values. Any observation that contains values for the dependent variable 254 

(outcome) and at least one independent variable (predictor) will participate in the 255 

modeling (21). At each split, the purity of the node is calculated only over the observations 256 

that are not missing the relevant predictor. However, observations that are missing values 257 

for the relevant predictor must still be partitioned into either group along a split. In deciding 258 

which way an observation goes along the split, rpart uses surrogate variables. Surrogate 259 

variables are determined by calculating to what extent alternative splits resemble the best 260 

split in terms of how many observations they send the same way  (21, 24).  Observations 261 



 13 

with missing data for the best split are thus grouped based upon the next best surrogate 262 

split. For the yearlong data set, 2 individuals had missing data on ‘% Attendance’ and 453 263 

individuals had missing data on ‘Change in child BMI.’ Thus, these trees were constructed 264 

using 780 and 329 individuals, respectively. For the yearlong vs. condensed data set, 2 265 

individuals had missing data on ‘% Attendance’ and 241 individuals had missing data on 266 

‘Change in child BMI.’ Thus, these trees were constructed using 469 and 230 individuals, 267 

respectively.  268 

In order to maximize predictive certainty of the CART models generated by ‘rpart’, 269 

the full data set was randomly portioned into a training set (90%) and a test set (10%). 270 

The training set was used to both build the initial model and the final model after pruning 271 

based upon RMSE and cp. The test set was then fed into the model to compare RMSE 272 

and confirm validity of the model. Training and test sets were not used for the yearlong 273 

vs. condensed program data set because the sample size was much smaller; thus, the 274 

initial model was constructed using all the data and the final model was chosen based on 275 

the lowest value of the cp and RMSE.  276 

In addition to the ‘rpart’ package, the ‘rattle’ (version 4.1.0) (25), ‘rpart.plot’ (26), 277 

and ‘RColorBrewer’ (27) R packages were used to generate the decision trees.  278 

Results 279 

 Distribution of demographic variables for all individuals (n = 782) included in this 280 

study can be seen in Table 1. All variables used as inputs for the bivariate analysis are 281 

shown. Distribution of demographic variables for individuals who participated in the 282 

HWYC program at the 5 YMCAs that delivered both models (yearlong vs. condensed 283 
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program) can be seen in Table 2 (n = 471). These 5 locations include participant data 284 

from sites A, B, D, K, and N. The data has been stratified by program model to directly 285 

compare success of the two program models. As shown, 351 individuals are included in 286 

the yearlong program and 120 individuals are included in the condensed 4-month 287 

program.  288 

Bivariate analysis of full data set  289 

 Bivariate analysis of each predictor and its association with the two outcomes of 290 

interest, ‘% Attendance’ and ‘Change in child BMI’, are shown for the full data set (n = 291 

782) in Table 3. As shown, ‘% Attendance’ demonstrated a significant association (p < 292 

0.15) with several demographic characteristics, including race; child age; eligibility for 293 

free/reduced lunch; whether the accompanying parent was the mother; and whether the 294 

family had a Y membership. Attendance also was significantly associated with the YMCA 295 

site. All variations of baseline measures of child BMI (child BMI, BMI z-score, BMI % over 296 

the 95th percentile, and BMI percentile) were also significantly associated with ‘% 297 

Attendance’, though baseline waist circumference was not significantly associated with 298 

‘% Attendance’. Class size was also associated with ‘% Attendance’. Additionally, change 299 

in waist circumference, change in BMI z-score, and change in adult BMI were also all 300 

associated with ‘% Attendance’. Lastly, goal tracker completion % was also significantly 301 

associated with ‘% Attendance’, though these two variables are highly correlated.  302 

 The other outcome of interest, ‘Change in child BMI’, was associated with a few 303 

demographic variables including sex and child age. It was also significantly associated 304 

with the program type. ‘Change in child BMI’ was also significantly associated with the 305 
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class size. Change in adult BMI was also significantly associated with the ‘Change in child 306 

BMI’. Lastly, change in BMI z-score, change in BMI % over 95th percentile, and change 307 

in waist circumference were all associated with ‘Change in child BMI’, but these are all 308 

highly correlated and essentially capture the same measure.   309 

Bivariate analysis of yearlong vs. condensed program data set  310 

 Bivariate analysis of each predictor and its association with the two outcomes of 311 

interest, ‘Change in child BMI’ and ‘% Attendance’, are shown for the yearlong vs. 312 

condensed program data set (n = 481) in Table 4. Within this data set, ‘% Attendance’ 313 

was significantly associated with several demographic factors, such as race and eligibility 314 

for free/reduced lunch. It was also associated with several baseline measures, including: 315 

adult BMI; BMI % over 95th percentile; child BMI; child BMI percentile; and child BMI z-316 

score. ‘% Attendance’ was also associated with change in adult BMI, as well as YMCA 317 

site. Both class size and session 1 size were also significantly associated with ‘% 318 

Attendance’. Again, goal tracker % completion was associated with ‘% Attendance’, but 319 

these variables are highly correlated.  320 

 Bivariate analysis indicates that several demographic characteristics are 321 

significantly associated with ‘Change in child BMI’ as well, such as sex, child age, and 322 

whether or not a health practitioner referred the child to the program. The program model 323 

was also significantly associated with ‘Change in child BMI’. Both class size and session 324 

1 size were significantly associated with ‘Change in child BMI’, as well as baseline child 325 

BMI. There change variables (change in BMI % over 95th percentile, change in waist 326 
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circumference, and change in BMI z-score) were all significantly associated with ‘Change 327 

in child BMI’, but these variables are all highly correlated and capture the same measure.  328 

CART analysis of ‘% Attendance’ within full data set  329 

 Within the full data set, the regression tree of the outcome ‘% Attendance’ was 330 

constructed using a training set (90%) consisting of 702 observations, shown in Figure 1. 331 

As shown at the top of the tree, the average attendance within the entire group was 55%. 332 

The most explanatory variable in predicting attendance was YMCA site. Higher average 333 

attendance (63%) was observed in individuals who attended a HWYC program at sites 334 

B, C, D, J, M, N, O, P, and Q, which represents 358 individuals. The lower attendance 335 

group (46% on average) consisted of individuals (n = 344) who attended programming at 336 

sites A, E, F, G, H, I, K, L, R, and S.  337 

 The ‘% Attendance’ of the higher attendance group (n = 358) was then predicted 338 

by an additional break down of YMCA site, where the average attendance among 339 

participants at sites J and O was 87% (n = 19) and the average attendance among the 340 

remaining participants was 61% (n = 339). In this program, ‘% Attendance’ was further 341 

predicted based upon eligibility for free/reduced lunch. Among those who were not eligible 342 

for free/reduced lunch, participants attended 67% of the sessions (n = 179), whereas 343 

those participants who were eligible for free/reduced lunch attended only 55% of the 344 

sessions (n = 160).  345 

 Moving back to the top of the tree after the initial split based upon YMCA site, the 346 

lower attendance group (46%) consisting of 344 individuals was further broken down 347 

based upon race to predict ‘% Attendance’. Within this group, participants who identified 348 
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as white attended 53% of the sessions on average (n = 152) compared to non-white 349 

identifying individuals who attended 41% of the sessions (n = 192). Among white 350 

identifying individuals, ‘% Attendance’ was further predicted again based on YMCA site. 351 

Participants who attended HWYC programs at sites F or S attended 75% of the sessions 352 

(n = 26) while the remaining participants attended 48% of the sessions on average (n = 353 

126).  354 

CART analysis of ‘Change in child BMI’ in the full data set 355 

Within the full data set, the regression tree of the outcome ‘Change in child BMI’ 356 

was constructed using a training set (90%) consisting of 293 observations, shown in 357 

Figure 2. Many observations were excluded from the analysis due to missing data on the 358 

outcome. Within the entire group (n = 293), the average ‘Change in child BMI’ was an 359 

increase of 0.22. The most explanatory factor in predicting ‘Change in child BMI’ was 360 

class size. Participants in classes greater than or equal to 19 children were likely to gain 361 

1.8 BMI units on average (n = 16), as compared with participants in classes with fewer 362 

than 19 participants who gained 0.13 units in BMI on average (n = 277). Among these 363 

participants, ‘Change in child BMI’ was further predicted by the program model. Children 364 

who participated in the shorter condensed program (n = 52) lost 0.45 BMI units on 365 

average, while those who participated in the yearlong model (n = 225) gained 0.26 BMI 366 

units on average. Among these participants, class size again predicted ‘Change in child 367 

BMI’. Participants in classes with 9 or fewer children (n = 103) gained 0.55 BMI units, 368 

while participants in classes with 10 or greater children (n = 122) gained only 0.011 BMI 369 

units. This group is further broken down by class size, as those with 12 or greater children 370 
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(n = 64) gained 0.45 BMI units and those with fewer than 12 participants lost 0.48 BMI 371 

units (n = 58).  372 

CART analysis of ‘% Attendance’ in yearlong vs. condensed program data set 373 

 Within the yearlong vs. condensed program data set, the regression tree of the 374 

outcome ‘% Attendance’ was constructed using 469 observations where the mean 375 

attendance was 57%, shown in Figure 3. Similar to the full data set, the YMCA site was 376 

the most explanatory factor in predicting attendance. Sites B, D, and N demonstrated a 377 

higher average attendance rate at 62% (n = 323) compared to sites A and K where the 378 

average attendance rate was 45% (n = 146).  379 

 In the higher attendance group (n = 323), attendance was further predicted by 380 

eligibility for free/ reduced lunch. Those who were not eligible for free lunch attended 68% 381 

of sessions on average (n = 178), while those who were eligible attended 55% of the 382 

sessions on average (n = 145). Moving back to the top of the tree, among the lower 383 

attendance group (n = 146), the baseline adult BMI was the next most explanatory factor 384 

in predicting attendance. If the accompanying adult had a starting BMI of less than 25, 385 

the mean attendance was only 16% (n = 10). However, if the accompanying adult had a 386 

starting BMI of 25 or greater, the average attendance was 47% (n = 136). Among these 387 

individuals, the adult baseline BMI further predicted attendance, as those with a baseline 388 

BMI greater of 32 or greater attended 42% of the sessions (n = 103) and those with a 389 

baseline BMI less than 32 attended 63% of the sessions (n = 33).  390 

CART analysis of ‘Change in child BMI’ in yearlong vs. condensed program data 391 

set 392 
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 Within the yearlong vs. condensed program data set, the regression tree of the 393 

outcome ‘Change in child BMI’ was constructed using 230 observations, shown in Figure 394 

4. Overall, participants gained 0.28 BMI units by the end of the program. Similar to the 395 

full data set, class size was the most explanatory factor in predicting ‘Change in child 396 

BMI’. Participants in class with 19 or more children gained 1.8 BMI units on average (n = 397 

16) compared with participants in classes with fewer than 19 children who gained 0.17 398 

BMI units on average (n = 214). Among these participants, the program model was the 399 

next most explanatory factor in predicting ‘Change in child BMI’. Participants in the shorter 400 

4-month program lost 0.39 BMI units (n = 56) compared to participants in the yearlong 401 

program who gained 0.37 BMI units (n = 158). Among the yearlong participants, sex was 402 

the next most explanatory factor in predicting ‘Change in child BMI’. On average, girls 403 

gained 0.58 BMI units (n = 88) while boys only gained 0.11 BMI units (n = 70). Among 404 

boys in the yearlong program, class size was the next most explanatory factor in 405 

predicting ‘Change in child BMI’. Boys in a class with 12 or more participants gained 0.44 406 

BMI units (n = 33) compared to participants in classes with fewer than 12 children who 407 

lost 0.19 BMI units on average (n = 37). In this group, class size again predicted ‘Change 408 

in child BMI’. Participants in classes with 9 or fewer children gained 0.3 BMI units (n = 28) 409 

while participants in classes with 10 or greater children lost 1.7 BMI units on average (n 410 

= 9).  411 

Additional analysis 412 

 Within the yearlong vs. condensed program data set, both class size and session 413 

1 size were associated with ‘% Attendance’ and ‘Change in child BMI’. However, since 414 
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these variables are so correlated with each other, they were assessed in separate CART 415 

models.  416 

When tested as an input for ‘% Attendance’, session 1 size did not appear as an 417 

explanatory model so that resulting tree did not change. However, when tested as an 418 

input for ‘Change in child BMI’, session 1 size slightly altered the resulting tree, as shown 419 

in Figure 5. As before, the overall ‘Change in child BMI’ was 0.28 (n = 230). Here, the 420 

most explanatory factor was session 1 size. Participants in a class with 20 or more 421 

children at the first session gained 1.3 units in BMI on average (n = 30) as compared to 422 

participants in a class with fewer than 20 children at the first session who gained only 423 

0.13 BMI units on average (n = 200). Among these participants, program model was the 424 

next most explanatory factor, as participants in the shorter condensed program lost 0.39 425 

BMI units on average (n = 56) and participants in the yearlong program gained 0.33 BMI 426 

units on average (n = 144).  427 

Discussion 428 

 The described CART analysis identified several key findings regarding the pilot 429 

implementation of the HWYC program in local YMCAs. First, the analysis found that the 430 

YMCA location explains the greatest variance in attendance. This observation was clear 431 

in both data sets. In going forward, Y-USA may need to ensure a certain level of 432 

standardization and fidelity in program delivery across YMCAs currently offering the 433 

program. Additionally, it may be useful for Y-USA to delve deeper into understanding why 434 

some YMCAs struggle to maintain high attendance, while others do not. Perhaps YMCAs 435 

with high attendance rates are using incentives to keep participants coming back or have 436 
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learned other strategies that may be useful to other locations that struggle to maintain 437 

higher attendance rates. There may also be barriers, such as poor HWYC instruction; 438 

participant proximity to the YMCA; the work schedule of the accompanying adult; or other 439 

community-specific factors that influence the lower attendance rate at some YMCAs. In 440 

improving attendance rates, each YMCA may need to learn how to best serve their 441 

community as each community is different with unique challenges and strengths.  442 

Second, the CART analysis found that attendance is also influenced by 443 

demographic factors such as race and socioeconomic status, consistent with the linear 444 

regression models previously conducted on HWYC. After accounting for YMCA location, 445 

the analysis found within the full data set that participants that identity as white have a 446 

higher attendance rate than those identifying as non-white at certain locations (Figure 1). 447 

Thus, the YMCAs that are specifically found to have lower attendance among non-white 448 

participants may need to develop specific strategies for improving attendance in these 449 

demographic groups. For instance, they might consider matching the race of the instructor 450 

with the race of the majority of the participants to increase familiarity and comfort, in an 451 

effort to achieve racial/cultural concordance. This same analysis finds that among other 452 

YMCA locations, socioeconomic status influences attendance rate (Figure 1). 453 

Specifically, participants who were eligible for free/reduced lunch had lower attendance 454 

rates as compared to participants who were ineligible (also seen in Figure 3). In this 455 

instance, there may be other barriers related to socioeconomics that influence the ability 456 

of participants to consistently attend HWYC sessions. For instance, the accompanying 457 

adult may need to work longer or inconsistent hours, thus inhibiting the ability of the child 458 

to consistently attend class. Alternatively, some families may be intimidated by the 459 
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promotion of healthy eating, thinking it may be too expensive. This could then influence 460 

the likelihood of that family attending consistent sessions. Ultimately, the difference in 461 

attendance rate observed at different YMCA sites are likely a reflection of these 462 

underlying demographic influences on attendance.  463 

Though the CART findings were fairly consistent between the full and yearlong vs. 464 

condensed data sets, the latter analysis also identified adult baseline BMI as an 465 

explanatory factor in predicting attendance. Specifically, at certain YMCAs, adults with a 466 

baseline BMI less than 25 were the least likely to attend (16%). Adults with a baseline 467 

BMI between 25 and 32 were the most likely to attend (63%), while adults with a baseline 468 

BMI greater than 32 were less likely to attend (42%). These findings suggest that the 469 

baseline BMI of the accompanying adult may influence how often the participant attends 470 

the sessions, with those adults with a low or high BMI being less likely to consistently 471 

attend. This is particularly relevant as children aged 7-13 rely on adults to even attend the 472 

sessions.  473 

The next finding from the CART analysis of HWYC relates to explanatory factors 474 

regarding ‘Change in child BMI’. Across both data sets, class size consistently arose as 475 

the most explanatory factor in predicting ‘Change in child BMI’ (Figure 2, Figure 4, and 476 

Figure 5). Specifically, participants in classes with 19 or more students gained more 477 

weight than participants in smaller classes. However, the CART trees also suggest that 478 

there may be an ideal mid-range in class size. Shown in Figure 2, among participants in 479 

the yearlong model, participants in classes with 10-11 children exhibited weight loss, 480 

while classes of other sizes tended to gain weight. This same pattern is observed in the 481 

yearlong vs. condensed data set (Figure 4). This finding is consistent with a study on 482 
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MEND which found that participants in smaller classes had greater reductions in BMI by 483 

the end of the program (14). The beneficial effects of smaller class size are seen in many 484 

settings, particularly among educational settings (28-31). Even fitness-specific classes for 485 

children have been shown more effective when class size is reduced (32). As such, 486 

YMCA’s may want to consider limiting class size when registering future participants in 487 

an effort to maximize weight maintenance and loss. 488 

A fourth finding from the CART analysis of ‘Change in child BMI’ indicates that the 489 

shorter condensed program is more effective than the yearlong program in reducing BMI. 490 

This finding is consistent with the original linear regression models previously done on 491 

HWYC. This is observed in both the full data set (Figure 2) and the direct yearlong vs. 492 

condensed data set (Figure 4 and Figure 5). In both data sets, participants in the 493 

condensed program lost weight while participants in the yearlong program gained weight 494 

on average. This shorter program is a return to the original MEND model and should be 495 

used in future HWYC programs in order to maximize program effectiveness. 496 

There were a few other similarities between the CART analysis of HWYC and other 497 

studies assessing the effectiveness of the original MEND curriculum. For instance, CART 498 

identifies sex as an explanatory factor in predicting ‘Change in child BMI’, at least in the 499 

yearlong vs. condensed data set. The model finds that among yearlong participants, 500 

females were more likely to gain weight than males by the end of the program, consistent 501 

with one study that found greater BMI reductions in boys (14).  Though age did not 502 

emerge as explanatory in predicting change in BMI, it was significantly associated with 503 

‘Change in child BMI’ in the bivariate analysis, again consistent with studies evaluating 504 

MEND (14).  505 
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Despite these, there were also some differences as well. A major difference is that 506 

the literature on MEND identifies a dose-responsive relationship between attendance and 507 

reduction in BMI, that participants who attend more sessions also see greater reductions 508 

in BMI by the end of the program (11, 13-15). However, neither the CART analysis nor 509 

the initial bivariate analysis finds this association between ‘Change in child BMI’ and 510 

attendance in HWYC. The reason for this is not understood, but perhaps future studies 511 

with a greater number of participants will uncover a similar dose-response. Other factors, 512 

including socioeconomic status, baseline BMI, and race influenced the success of MEND 513 

in terms of reduction in BMI, but were not identified as explanatory factors in this analysis 514 

of HWYC. Lastly, the original linear regression models performed by Y-USA found that 515 

participants who were recommended to HWYC by health care providers had better 516 

outcomes; however, the CART analysis described here did not find this association. 517 

In addition to assembly of these findings in this thesis format, the results of the 518 

CART analysis were shared with the Y-USA during a presentation at the HWYC Issues 519 

and Actions Committee. This committee evaluates progress of HWYC pilot programs and 520 

discusses necessary changes and improvements. The CART findings were also 521 

summarized in a PowerPoint presentation and given to the REDS department. 522 

Limitations and strengths 523 

On major limitation of this analysis relates to the CART methodology itself. CART 524 

does not provide a p-value to assess statistical significance of the associations it 525 

identifies. However, use of a bivariate analysis before the CART analysis was used to 526 

counter this limitation. Related, the CART method also tends to over fit the data. This is 527 
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related to the fact that the method attempts to account for missing data by use of 528 

surrogate variables. Over fitting also can result from the fact that the sample pool is made 529 

smaller with each split. Thus, sometimes the splits can result in overly complex trees. The 530 

act of “pruning” the tree based upon cp and RMSE attempts to counter any over fitting. 531 

Other disadvantages of this study include a limited sample size of participants in the 532 

condensed program. However, future analyses will include more participants in this 533 

program as Y-USA plans to implement this model going forward.  534 

Despite the limitations, an advantage of CART is that it can identify higher 535 

interactions among variables (33). Its ability to handle missing data is also an advantage 536 

as long as pruning is used to prevent over fitting. Another advantage of this study is the 537 

geographic diversity of YMCA’s used in the pilot study.  538 

Conclusions 539 

 In conclusion, CART analysis has identified YMCA site, race, and eligibility for 540 

free/reduced lunch as major determinants of attendance among participants in the HWYC 541 

program. Baseline BMI of the accompanying adult may also influence attendance. 542 

Additionally, CART analysis has identified class size and program model as major 543 

determinants of change in child’s BMI. Sex may also influence change in child’s BMI. 544 

However, further analyses with additional participant data for the condensed program 545 

may help inform additional explanatory factors, as this will likely be the HWYC program 546 

format going forward.  547 

 548 

 549 
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Table 1. Sample characteristics in the full data set (n = 782). 641 

Demographic Variables Level Measure 
(n=782)     

  Median (IQR)   
Child Age   10.0 (9.0-11.0)     
Session 1 Size   12.0 (10.0-16.0)     
Class Size   10.0 (7.0-12.0)     
Attendance (%)   65.0 (25.0-85.0)     
Goal Tracking Completion (%)   40.0 (10.5-68.4)     
  n (%)   
Sex Male 357 (45.7)   
  Female 425 (54.3)     
Race - White No 391 (50.0)   
  Yes 391 (50.0)     
Accompanying Parent - Mother No 168 (21.6)   
  Yes 611 (78.4)     
Program Referral - Doctor No 385 (49.5)   
  Yes 392 (50.5)     
Family Y Membership No 506 (65.6)   
  Yes 265 (34.4)     
Eligibility for Free/Reduced 
Lunch No 318 (40.7)   

  Yes 463 (59.3)     
Program Type Condensed 120 (15.3)   
  Yearlong 662 (84.7)     
YMCA Site Site A 77 (9.8)   
 Site B 84 (10.7)   
 Site C 30 (3.8)   
 Site D 123 (15.7)   
 Site E 17 (2.2)   
 Site F 28 (3.6)   
 Site G 57 (7.3)   
 Site H 14 (1.8)   
 Site I 48 (6.1)   
 Site J 18 (2.3)   
 Site K 71 (9.1)   
 Site L 8 (1.0)   
 Site M 8 (1.0)   
 Site N 116 (14.8)   
 Site O 4 (0.5)   
 Site P 7 (0.9)   
 Site Q 13 (1.7)   
 Site R 14 (1.8)   
  Site S 45 (5.8)     
Anthropomorphic Variables  Median (IQR)* or Mean (SD)  
   Baseline Final Change 

Child BMI (kg/m2)   29.5 (26.0-
33.6)* 

29.2 (25.8-
33.5)* 0.2 (-0.8-1.0)* 

Child BMI z-score   2.3 (0.3) 2.3 (2.0-2.5)* -0.05 (0.1) 
BMI % over 95th Percentile   21.8 (12.4) 19.6 (12.4) -1.3 (4.6) 

Child Waist Circumference (in)  35.1 (5.4) 34.6 (31.5-
38.5)* 0.2 (2.0) 

Adult BMI   36.0 (8.2) 34.9 (29.5-
40.8)* -0.16 (2.4) 

 642 
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Table 2. Sample characteristics in the yearlong (n = 351) vs. condensed (n = 120) data set (only those 643 

YMCA sites that have offered both program models). 644 

Variable Level Yearlong (n=351) Condensed (n=120) 
  Median (IQR)   Median (IQR)   

Child Age   10.0 (9.0-
11.0)     10.0 (8.0-

10.0)     

Session 1 Size 14.0 (10.0-
18.0)     11.0 (9.0-

11.0)     

Class Size 11.0 (7.0-
15.0)     8.0 (6.8-10.0)     

Attendance (%)   65.0 (27.5-
80.0)     70.0 (25.0-

80.0)     

Goal Tracking 
Completion (%)   42.1 (15.8-

63.2)     40.0 (10.0-
70.0)     

  n (%)   n (%)   
Sex 
  

Male 154 (43.9)   56 (46.7)   
Female 197 (56.1)     64 (53.3)     

Race – White 
  

No 179 (51.0)   62 (51.7)   
Yes 172 (49.0)     58 (48.3)     

Accompanying 
Parent – Mother 
  

No 88 (25.1)   31 (26.3)   

Yes 263 (74.9)     87 (73.7)     

Program 
Referral – 
Doctor 
  

No 181 (51.6)   49 (41.2)   

Yes 170 (48.4)     70 (58.8)     

Family Y 
Membership No 213 (60.7)   76 (65.0)   
  Yes 138 (39.3)     41 (35.0)     
Eligibility for 
Free/Reduced 
Lunch 
  

No 175 (49.9)   60 (50.0)   

Yes 176 (50.1)     60 (50.0)     

Program Type 
  

Condensed 0 (0.0)   120 (100.0)   
Yearlong 351 (100.0)     0 (0.0)     

YMCA Site Site A 61 (17.4)   16 (13.3)   
 Site B 71 (20.2)   13 (10.8)   
 Site D 92 (26.2)   31 (25.8)   
 Site K  32 (9.1)   39 (32.5)   
  Site N 95 (27.1)     21 (17.5)     
Anthropomorphic Variables Median (IQR)* or Mean (SD)  Median (IQR)* or Mean (SD) 
   Baseline Final Change Baseline Final Change 
Child BMI (kg/m2) 
  

29.1 (25.9-
32.9)* 

28.6 (25.7-
33.5)* 

0.4 (-0.6-
1.5)* 

30.0 (26.4-
30.0)* 

29.9 (26.0-
30.0)* 

-0.3 (-0.9-
0.3)* 

Child BMI z-score 
  2.3 (2.0-2.5)* 2.3 (2.0-2.5)* -0.02 (-

0.10-0.04)* 2.4 (2.1-3.0)* 2.4 (2.1-3.0)* -0.04 (-0.09- 
-0.09)* 

BMI % over 95th Percentile 
  20.7 (12.2) 19.0 (12.2) -0.7 (4.7) 23.2 (12.8) 20.7 (12.7) -1.7 (2.5) 

Child Waist Circumference (in) 
  

35.6 (32.0-
39.0)* 

35.8 (31.9-
39.0)* 0.4 (2.2) 34.0 (31.1-

40.0)* 
33.1 (31.1-
40.0)* -0.3 (1.3) 

Adult BMI   35.8 (7.8) 35.2 (7.8) 0.1 (2.8) 36.2 (8.5) 36.1 (7.0) -0.3 (0.7) 
 645 

 646 
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Table 3. Bivariate analysis of outcomes and predictors within the full data set (n = 782). Comparisons 647 

with p-value < 0.15 are bolded and used as inputs for CART analysis. 648 

 649 
Predictor Outcome – p-value 

  % Attendance Change in Child 
BMI 

Normal Variables a a 
BMI z-score, baseline  0.0192  0.8270 

BMI % over 95th Percentile, 
baseline  0.0185  0.8915 

Waist Circumference (in), 
baseline  0.4873  0.6601 

Adult BMI, baseline  0.1698  0.2531 
Change in BMI z-score  0.0977  <0.0001 

Change in BMI % over 95th 
Percentile  0.1668  <0.0001 

Change in Waist 
Circumference (in)  0.0947  <0.0001 

Change in Adult BMI  0.1526  0.0226 
Non-Normal Variables a a 

% Attendance - 0.2466 
Goal Tracker Completed % <0.0001 0.7534 

Child Age 0.0940 0.0823 
Child BMI, baseline 0.0130 0.7090 

Child BMI Percentile, 
baseline  0.0154 0.8116 

Class Size 0.0502 0.1319 
Session 1 Size 0.8655 0.2538 

Change in Child BMI 0.2466 - 
Binary Variables b b 

Sex 0.3105 0.0294 
Race - White 0.0001 0.6009 

Eligibility for Free/Reduced 
Lunch 0.0001 0.5604 

Accompanying Parent - 
Mother 0.0805 0.5390 

Program Referral - Doctor 0.3653 0.6091 
Family Y Membership 0.0753 0.2273 

Dose 0.4987 0.0002 
Categorical Variables c c 

YMCA Site <0.0001 0.5397 
a = Spearman’s rank correlation; rho (p-value) 650 

b = Wilcoxon rank sum test; Wilcoxon Rank (p-value) 651 

c = Kruskal – Wallis Rank Sum Test; chi-squared value (p-value) 652 
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Table 4. Bivariate analysis of outcomes and predictors among Ys with both yearlong and condensed 653 

programs (n = 471). Comparisons with p-value < 0.15 are bolded and used as inputs in CART analysis. 654 

Predictor Outcome - p-value 

  % Attendance Change in 
Child BMI 

Normal Variables a a 
BMI % Over 95th Percentile, 

baseline 0.0910 0.3315 

Adult BMI, baseline 0.0759 0.3373 
Change in BMI % Over 95th 

Percentile 0.5534 0.0001 

Change in Waist 
Circumference (in) 0.4087 0.0001 

Change in Adult BMI 0.1514 0.3437 
Non-Normal Variables a a 

% Attendance - 0.5828 
Goal Tracker % Completed 0.0001 0.9129 

Child Age 0.1616 0.0584 
Child BMI, baseline 0.0418 0.1459 

Child BMI Percentile, 
baseline 0.0952 0.3775 

Child BMI z-score, baseline 0.0984 0.3756 
Waist Circumference (in), 

baseline 0.5607 0.9514 

Session 1 Size 0.0381 0.0262 
Class Size 0.0774 0.0244 

Change in Child BMI 0.5828 - 
Change in BMI z-score 0.5299 0.0001 

Binary Variables b b 
Sex 0.4795 0.0814 

Race - White 0.0002 0.4101 
Eligibility for Free/Reduced 

Lunch 0.0001 0.2509 
Accompanying Parent - 

Mother 0.5359 0.6639 

Program Referral - Doctor 0.7684 0.1088 
Family Y Membership 0.2567 0.4789 

Dose 0.9373  <0.0001 
Categorical Variables c c 

YMCA Site <0.0001 0.3537 
 655 

a = Spearman’s rank correlation; rho (p-value) 656 

b = Wilcoxon rank sum test; Wilcoxon Rank (p-value) 657 

c = Kruskal – Wallis Rank Sum Test; chi-squared value (p-value) 658 
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 659 

Figure 1. Regression tree of the outcome, "% Attendance,” within the Full dataset. Boxed nodes represent 660 

splitting of the data along a single variable, where the top number represents the mean value for the 661 

outcome and the lower number represents the number of individuals within that group. The shades of the 662 

nodes visually represent the mean value of the outcome from low (blue) to high (green).  663 
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 669 

Figure 2. Regression tree of the outcome, "Change in child BMI,” within the Full dataset. Boxed nodes 670 

represent splitting of the data along a single variable, where the top number represents the mean value for 671 

the outcome and the lower number represents the number of individuals within that group. The shades of 672 

the nodes visually represent the mean value of the outcome from low (blue) to high (green). 673 
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 674 

Figure 3. Regression tree of the outcome, "% Attendance,” within the Yearlong vs. Condensed Program 675 

dataset. Boxed nodes represent splitting of the data along a single variable, where the top number 676 

represents the mean value for the outcome and the lower number represents the number of individuals 677 

within that group. The shades of the nodes visually represent the mean value of the outcome from low 678 

(blue) to high (green).  679 
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 680 

Figure 4. Regression tree of the outcome, "Change in child BMI,” within the Yearlong vs. Condensed 681 

Program dataset. Boxed nodes represent splitting of the data along a single variable, where the top number 682 

represents the mean value for the outcome and the lower number represents the number of individuals 683 

within that group. The shades of the nodes visually represent the mean value of the outcome from low 684 

(blue) to high (green). 685 

 686 

 687 

 688 

 689 

Pruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmiPruned Tree for  change_childbmi

Class Size < 19

Condensed Program

Male

Class Size  < 12

Class Size > 9

Class Size  > 19

Yearlong Program

Female

Class Size  > 12

Class Size < 9

0.28
n=230

0.17
n=214

−0.39
n=56

0.37
n=158

0.11
n=70

−0.19
n=37

−1.7
n=9

0.3
n=28

0.44
n=33

0.58
n=88

1.8
n=16



38 

690 

Figure 5. Regression tree of the outcome, "Change in child BMI,” within the Yearlong vs. Condensed 691 

Program dataset and with inclusion of the alternate session 1 size variable. Boxed nodes represent splitting 692 

of the data along a single variable, where the top number represents the mean value for the outcome and 693 

the lower number represents the number of individuals within that group. The shades of the nodes visually 694 

represent the mean value of the outcome from low (blue) to high (green).695 
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