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Abstract  
 
 
Falls are a leading cause of injury and death among older adults. There are few studies that use 

national longitudinal data and multiple weather metrics to explore the complex relationships of 

environmental risk factors. This thesis compares machine learning (random forests) and classic 

statistical (mixed-effects Poisson regressions) methods to examine the influence and spatial 

variation of weather, demographic, and socioeconomic characteristics on county fall-related 

hospitalization rates among adults 65 years and older in the United States. Three county-level 

data sources were combined: 1) monthly Medicare hospitalization claims from July 2009 – July 

2015 with either primary diagnosis or external cause codes indicating an accidental fall (ICD-9-

CM codes E880-E888, excluding E887) 2) weather variables scraped from NOAA’s National 

Weather Service, and 3) sociodemographic characteristics from the 2010-2014 American 

Community Survey. National and regional modelling was conducted using both methods and 

each set of characteristics. Weather, demographic, and socioeconomic variables are all important 

predictors of fall-related hospitalization rates in older adults. Temperatures were the most 

influential weather variables at the national level and for all regions except the Northeast. The 

random forests identified that high fall-related hospitalization rates were associated with 

temperature variability. The mixed-effects Poisson models demonstrated a U-shaped relationship 

where both high maximum and low minimum temperatures are associated with greater risk at the 

national level and in the South and Midwest, controlling for relevant sociodemographics. The 

two modelling approaches are compared, and the mixed-effects Poisson regressions are 

consistently more accurate likely due to their adjustment for spatial variation and confounding.   
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Introduction 
 
 
Falls are a leading cause of injury and death among older adults.1 As the U.S. population ages, 

falls are an increasingly important public health problem.2 In 2015, healthcare costs due to falls 

were estimated to cost approximately $50 billion, of which Medicare paid $28.9 billion.3 Falls 

can cause immediate injuries like fractures or traumatic brain injuries, and they can also lead to 

indirect health consequences like restricted mobility, inability to perform daily living activities, 

social isolation, and depression.1 Fall risk factors can be separated into individual and 

environmental factors.1 Individual risk factors include demographic characteristics, 

comorbidities, and indicators of physical health (i.e. activity, balance, strength).1,2,4,5 Home 

hazards are the most often studied environmental risk factors.1,5-8 There have been mixed 

findings about how the natural environment influences fall risk for older adults.9 

 

 

Many studies report higher fall-related injuries during winter months for both older adults living 

in the community10-15 and residing in inpatient treatment.16-18 However, it is debated whether this 

seasonal trend can be explained by other environmental factors like weather and geography. 

Stevens, et al. examined the rate of fatal and nonfatal falls among U.S. adults 65 years and older 

using national-level mortality and emergency department (ED) records in 2002 and found no 

seasonal variation.19 Instead, geography and climate were more important factors, as there were 

higher fall incidences throughout the year for older adults living in colder climates.19 These 

studies conducted in these colder climates have typically found that weather is more important to 

fall burden among older adults. In their study of daily incidence of hip fractures among women 

45 years and older in Rochester, Minnesota from 1952 – 1989, Jacobsen, et al. demonstrated that 
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increased winter risk for women aged 45 – 74 was attenuated after controlling for weather 

conditions.20 However, for women 75 years and older, the increased winter risk of fracture did 

not meaningfully change when controlling for both weather conditions and season.20 In a 

Montreal-based cohort of adults older than 65, Mondor et al. reported no seasonal variation to 

fall-related injuries, but higher burdens on days when a freezing rain warning was released.21 

During winters in Ontario, fall-related ED visits increased for up to a week following snowfall, 

but interestingly also increased during days with warmer temperatures across all age groups.22 

Boston-area hospitals also experienced increased rates of fall-related injuries following moderate 

snowfall, but this was primarily driven by adults under 65.23 Many studies in Scandinavia have 

reported no seasonal variation in fall-related injuries.24-26 Although the contribution of 

environmental risk factors to the increased winter fall rates is mixed, the relationship with 

temperature is more clear.  

 

In their systematic review of the meteorological factors associated with fall risk, Chow et al. 

reported that lower temperatures and snow/ice cover were the most consistently demonstrated 

risk factors.9 Among this literature, Giladi et al.’s study of wrist fractures among 2007 Medicare 

claims found that season, temperature, and weather conditions were all associated with increased 

risk.14 Wrist fracture risk was positively associated with winter, freezing temperatures, snow, and 

a constructed measure of “slipperiness,” which consolidated monthly temperature and weather 

metrics.  Even after adjusting for season, Turner, et al. found that the incidence of fall-related hip 

fractures was associated with lower daily air temperatures for both men and women over 75 

years of age in Sydney, Australia from 1998 – 2004.27 Lin & Xirasagar also found significant 

associations between monthly fall rates and temperature after adjusting for season among older 
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adults in Taiwan between 1997 – 2003, using auto-regressive integrated moving average 

(ARIMA) modeling.28 However, Johnson, et al. found diverging patterns of fall-related injury 

risks by age, gender, and temperature in their study of wrist and hip fracture incidence among 

adult patients referred to their ED in the UK.29 Lower minimum daily temperatures were 

associated with higher wrist fracture rates for men older than 50 years and for all women.29 Hip 

fracture rates increased for older men with colder temperatures, but women 50 years or older 

experienced the largest hip fracture burden that did not vary with temperature.29 A few studies 

have reported no significant results between temperature and fall risk, but typically have smaller 

sample sizes and shorter observation times.9 Only one study of older adults found that injurious 

falls were more likely to occur in higher temperatures and this was among a small cohort of older 

adults with glaucoma near Baltimore, Maryland.30  

 

Temperature is most often added into models as one continuous variable or categorized based on 

thresholds (typically below/above freezing).9,14,19,31 Yeung et al. and Modarres et al. have both 

examined whether monthly minimum, average, and maximum temperatures along with other 

meteorological metrics are associated with falls in older adults.13,15 Using Pearson correlation 

coefficients with adjusted monthly number of fall-related ED visits to a Hong Kong hospital in 

2006, Yeung et al. found that all monthly temperature metrics were negatively correlated with 

falls.13 Modarres et al. used ARIMA modelling to similarly demonstrate that all monthly 

temperatures were negatively correlated with hip fracture incidence from 1993 – 2004 in 

Montreal, Canada.15 There are important relationships between temperature and falls that have 

yet to be explored, like temperature variability and whether both high and low temperatures 

present increased risk (U-shaped risk pattern).  
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In this thesis, I investigate the epidemiology of falls that caused hospitalizations among older 

adults in the United States, its association with weather metrics, the influence of demographic 

and socioeconomic variables, and how these relationships vary depending on machine learning 

(random forests) and classic statistical (mixed-effects Poisson regressions) modelling approaches 

at both the national and regional levels. As sociodemographic features are important individual 

fall risk factors and have been shown to influence environmental risk factors too, they are 

important to consider on their own and as confounders. I combine six years (July 2009 – July 

2015) of monthly hospital admission claims related to falls from Medicare beneficiaries with 

weather data from the National Oceanic and Atmospheric Administration’s (NOAA) National 

Weather Service (NWS) and county sociodemographic characteristics from the 5-year estimates 

of the 2010 – 2014 American Community Survey (ACS) to investigate multiple research 

questions. These include: 1) What is the effect of weather variables on monthly county fall-

related hospitalization rates among adults aged 65 years and older? 2) What is the effect of 

county demographic variables on monthly county fall-related hospitalization rates? 3) What is 

the effect of socioeconomic characteristics on monthly county fall-related hospitalization rates? 

4) What is the importance of all these variables on monthly county fall-related hospitalization 

rates when considered together? 5) Do these associations vary by region of the country? 6) How 

do different modeling approaches affect these relationships and their spatial patterns?  
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Methods  
 
 
Data Sources  
 

Medicare Falls Data 

From the U.S. Centers for Medicare and Medicaid Services (CMS), aggregated county-level 

hospital admission claims related to falls of a 100 percent sample of fee-for-service beneficiaries 

from the Medicare Provider Analysis and Review (MedPAR) file from July 1st, 2009 – July 1st, 

2015 were received.32 Hospitalizations were considered related to falls if either the primary 

diagnosis or the primary external cause code fields reported an accidental fall (International 

Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) external cause 

codes E880-E888, excluding E887)1, following an algorithm developed by Kim et al. for 

identifying fall-related injuries in Medicare claims data.32,33 Primary external cause codes (E-

codes) detail the circumstances leading to injuries, which facilitates reimbursement and better 

study of injuries and their prevention.34 For example, a patient is hospitalized following a slip 

and fall that resulted in a broken hip, the primary diagnosis would be the broken hip and the E-

code would begin with E885 indicating the type of fall and that their health insurance would 

likely be liable for payment. The study window was selected as it was the longest period with a 

consistent coding schema. From 2005 – June 2009, the total number of fall-related 

hospitalizations reported (N = 131,790) was more than four times lower than the number of fall-

related hospitalizations in a single year in the July 2009 – July 2015 period. Therefore, they were 

 
1 E880: accidental fall on or from stairs or steps; E881: accidental fall on or from ladders or scaffolding; E882: 
accidental fall from or out of building or other structure; E883: accidental fall into hole or other opening in surface; 
E884: other accidental falls from one level to another; E885: accidental fall on same level from slipping, tripping or 
stumbling; E886: fall on same level from collision, pushing, or shoving, by or with other person; E888: other and 
unspecified fall.  
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removed to avoid this meaningful reporting and coding inconsistency. The diagnosis codes were 

switched in the third quarter of 2015 to ICD-10, so these data were dropped to avoid any 

transition issues and the use of different methods for only a few months.32,35 The Social Security 

Administration (SSA) county codes were converted to Federal Information Processing Series 

(FIPS) county codes using crosswalks released by CMS, resulting in 3,107 counties in the 

contiguous US.36 Fall count data at the monthly level were received only for counties that 

reported more than 10 falls during the month. There were 72,081 monthly county-level fall 

records, which included 3,377,329 total falls from 1,790 counties from July 2009 – July 2015.  

 

Weather Variables  

Weather variables were collected from NOAA’s NWS for counties in the contiguous United 

States using the meteostat python library.37 The latitude and longitude of every county’s centroid 

point were assembled using GeoPandas38 on the projected version (CRS code EPSG:4326) of the 

U.S. counties geojson file from the Python Graph Gallery.39 The five closest reporting weather 

stations to the centroids were identified. Then to maximize data completeness, the closest station 

that began reporting daily weather records prior to 07/01/2009 and through 07/01/2015 was 

selected and scraped. There were 3,109 counties with 1,402 unique closest weather stations that 

reported data over the study period available through the meteostat library. For each station, 

daily weather variables attained were precipitation (mm), snow depth (mm), average wind speed 

(km/h), and minimum, maximum, and average temperature (°C).  Summary statistics (minimum, 

mean, and maximum) were then calculated for each weather metric at the monthly level. For 

greater interpretability, six monthly summary weather variables were selected: average monthly 

temperature (average of all the daily average temperatures), minimum monthly temperature (the 



 11 

minimum of all minimum daily temperatures), maximum monthly temperature (the maximum of 

all maximum daily temperatures), maximum monthly precipitation (the maximum of all 

maximum daily precipitations), maximum monthly snow fall (the maximum of all maximum 

daily snow falls), and the maximum monthly windspeed (the maximum of all maximum daily 

windspeeds).  These temperature metrics were selected to represent both the average monthly 

climate and the extremes of the temperature variability that may lead to increased fall risk. The 

maximum monthly precipitation and snow falls allow for any storm events to be captured, which 

have often been linked to fall-related hospitalizations and injuries.9,22,23,31 Giladi, et. al 

incorporated maximum windspeeds into their slipperiness score, as this can be related to greater 

windchill and hazardous conditions.14 By aggregating to the monthly level, some of the random 

variation in daily weather metrics are smoothed and it removes the need to lag variables. When 

daily records are available, some studies have used weather metrics on that day,21,29 while others 

argue that weather variables require lags which range from 1 – 15 days after.23,40,41 The monthly 

analysis can capture general trends between weather variables and fall rates, and has often been 

used as the unit of analysis in this literature.9,13,24,28  However, examining these trends at the 

monthly level may not accurately capture the fall burden related to specific storms or extreme 

weather events.21,23,31 Although including the maximum of the daily maximum values attempted 

to address this concern, it may not accurately capture the average climate conditions that affect 

day-to-day risk and could over-represent outlier weather days.  
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Demographic and Socioeconomic Variables  

The 5-year 2010 – 2014 American Community Survey (ACS) data were used to estimate county-

level population, demographic, and socioeconomic characteristics. Fall rates were calculated 

using the population 65 years of age and older in each county and scaled to be per 100,000. 

Additional potentially relevant demographic characteristics included the total county population 

density and the proportions of the over 65-year-old adults in each county that were: 85 years of 

age or older, female, and non-Hispanic white. County-level socioeconomic variables were 

median income, the Gini Index of Income Inequality, and the proportion of adults 65 years of age 

and older living below the poverty line. The Gini Index of Income Inequality is a summary 

statistic of the dispersion of income across the entire income distribution, ranging from 0 where 

everyone receives the same income to 1 where only one person receives all the income.42 

 

Analysis  
 
In this analysis, I examine to what extent the weather, demographic, and socioeconomic 

variables are associated with fall-related hospitalization rates in older adults and how different 

modeling approaches affect these results. Months that were either missing fall counts or any of 

these predicting variables were excluded, resulting in an analytic sample of 66,945 monthly fall 

rates (3,124,305 total falls) from 1,733 unique counties from July 2009 – July 2015 (73 months).  

Two rounds of modelling were performed – national and regional. The national round conducted 

models using the monthly fall rates and predictors for all US counties included in the analytic 

sample. The regional round conducted each model separately by region after coding monthly fall 

rates and predictors as belonging to counties in each of the four US census regions (West, 

Midwest, South, & Northeast).43 Four models were conducted at the national level and for each 
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region. Every model uses the monthly county-level fall rates per 100,00 adults aged 65 years and 

older as the outcome and the predictors for these models were 1) weather variables, 2) 

demographic characteristics, 3) socioeconomic factors, and 4) all metrics. Random forests and 

mixed-effects Poisson regressions were compared for each round of analysis.  

 

 Random forests combine an ensemble of decision trees and add randomness to the selection of 

the training set, node split, and features, which makes their predictions more robust and 

accurate.44 Decision trees are inductive, non-parametric machine learning algorithms that split 

instances based on the feature that optimizes the information gain and recursively repeat this 

process until either homogenous nodes or pre-pruning stopping criteria are reached. 45-47 To 

better account for the time series structure, a 5-fold forward chaining strategy was used for cross-

validation with 2014 – 2015 data as the test set (about 25% split).48 Hyperparameter tunning was 

conducted using a grid with the maximum number of tree nodes (maximum depth) ranging from 

2 – 5, the minimum number of samples per leaf as either 1, 5, or 10, and the number of trees in 

the forest as either 50, 100, or 200. Features were evaluated and ranked according to their 

relevance in predicting fall-related hospitalization rates using Mean Decrease Impurity (MDI).2 

A feature’s MDI is calculated in each tree by averaging the reduction of the variance in fall-

related hospitalization rates on nodes where the feature was used to split over all nodes, these 

scores are then averaged across all trees in the ensemble.49 Features that are not used at all 

receive a zero value and those consistently closest to the root nodes have higher scores. The MDI 

values indicate which features were important for predicting the outcome, but not the 

 
2MDI is also referred to as “Gini Importance.”  
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directionality or relationship between all the variables in the trees. The scikit-learn python 

package was used to fit and evaluate all random forest regressors.50,51 

 

The mixed-effects Poisson regressions included fixed effects for each state to account for state-

to-state variation not explained by the included variables, random effects for each county to 

better account for overdispersion, and an offset term for log county population aged 65 years and 

older.52 The data were again split into the 2009 – 2013 training and 2014 – 2015 testing sets and 

each of the variables was standardized. Since the mixed-effects Poisson models require no 

hyperparameter tunning nor are they explicitly forecasting models, no forward-chaining strategy 

was used.53 Rather than ranking and selecting the features for prediction like the random forests, 

the mixed-effects Poisson regressions consider all of the features simultaneously. The estimates 

returned from these models can be interpreted as the factor change in the outcome for a unit 

increase in the predictor, controlled for the other variables in the model. Mixed-effects Poisson 

models were conducted in R using the lme4 package for generalized linear mixed-effects 

models,54 tidyverse for data preparation,55 and ML metrics for model evaluation.56  

 

Mean absolute percentage error (MAPE) was the evaluation metric for all models, as it has been 

shown to be well-suited for forecasting applications, model comparison, and interpretation.57  It 

is interpreted as the average percentage difference between the forecasted and actual values.  
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Results  
 
 
Descriptive Results 
 
The cumulative national fall rates suggested both temporal and spatial patterns. During winter 

months (December, January, February), fall rates displayed higher peaks (Figure 1). Similar 

patterns were observed in each of the four census regions (Figure 1a). The peaks in the Western 

region were lower than any of the valleys in the other three regions and the highest overall peak 

was in January 2015 in the Northeast region.  

 

Figure 1. National cumulative monthly fall rates per 100,000 adults 65 and older for all 
available counties in the analytic sample, July 2009 – July 2015. January of each year is marked 
with a dashed line and winter months (December, January, February) are shaded.  
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Figure 1a. Regional cumulative monthly fall rates per 100,000 adults 65 and older for all 
available counties in the analytic sample, July 2009 – July 2015. January of each year is marked 
with a dashed line and winter months (December, January, February) are shaded.  

 

 

 

 

 

 

 



 17 

Only 58% of counties reported any monthly fall counts over the study period, due to the data 

protection restrictions (more than 10 reported falls during a month in the county). The 

cumulative county fall rates per 100,000 adults 65 years and older from July 2009 – July 2015 

are displayed in Figure 2. Counties with missing data were primarily located in the middle of the 

United States and had smaller populations. The average county size for counties that did not 

report any monthly data within the study period was only 1,986 adults 65 years and older (IQR: 

[1,022, 2,746]), while the counties that did report data had an average older adult population size 

of 22,683 (IQR: [5,276, 19,277]). The county population of adults 65 years and older is 

displayed in Figure 2a, which also demonstrates that the majority of counties missing fall data 

were in the smallest quintile of population.  

 

Figure 2. Cummulative county fall rates per 100,000 adults 65 years and older from July 2009 – 
July 2015 using monthly data and 2010 – 2014 ACS 5-year population estimates, in the analytic 
sample. The four census regions (West, Midwest, South, & Northeast) are outlined in black.  
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Figure 2a. Quintiles of county population of adults 65 years and older from 2010 – 2014 ACS 5-
year population estimates. The four census regions (West, Midwest, South, & Northeast) are 
outlined in black.  
 

 
 

 

The analytic sample consisted of 66,945 monthly fall rates from 1,733 unique counties over the 

73 months in the study period. Summary statistics of the analytic sample for each of the variables 

can be found in Table 1. The average monthly fall rate was 157.0 fall-related hospitalizations per 

100,000 adults 65 years and older. The averages of monthly temperatures were 0.7°C (33.3°F) 

for the minimums, 13.7 °C (56.7°F) for the averages, and 27.2°C (81.0°F) for the maximums. On 

average, counties had more older women and had high proportions of non-Hispanic white older 

adults. The average proportion of older adults living below the poverty line was 0.08 and the 

average median income was $25,936.  
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Table 1. Summary statistics for outcome, weather, demographic, and socioeconomic variables in 
the analytic sample (N = 66,945).  

 Variable Mean (IQR) 
Outcome Fall-Related Hospitalization Rate per 100,000 157.0 (114.1, 185.6) 
Weather 
Variables 

Average Monthly Temperature (°C) 13.7 (6.6, 21.7) 

 Minimum Monthly Temperature (°C) 0.7 (-6.6, 9.4) 
 Maximum Monthly Temperature (°C) 27.2 (22.0, 33.3) 
 Maximum Monthly Precipitation (mm) 11.7 (0.0, 17.3) 
 Maximum Monthly Snowfall (mm) 7.8 (0.0, 0.0) 
 Maximum Monthly Windspeed (km/h) 21.5 (16.2, 26.2) 

Demographic 
Variables 

Proportion 85 Years and Older 0.13 (0.11, 0.15) 

 Proportion Female 0.56 (0.55, 0.57) 
 Proportion Non-Hispanic White 0.86 (0.81, 0.96) 
 Total County Population Density 

(people/miles2) 
48.4 (8.3, 36.2) 

Socioeconomic 
Variables 

Proportion Below Poverty Line 0.08 (0.07, 0.10) 

 County Median Income ($) 25,936 (22,123, 28,169) 
 Gini Index of Income Inequality 0.45 (0.43, 0.46) 

 
 
 

The distribution of the monthly fall rates was right skewed with about 80% of the values equal to 

or below 200 falls per 100,000 adults aged 65 years and older (Figure 3). The highest fall rate 

was 1,190.5 falls per 100,000 older adults that occurred in January 2014 in the small county of 

Smith, Kansas (1,008 adults aged 65 years and older). Even among the analytic sample which 

excluded the smallest population counties, the distribution of the population of adults aged 65 

years and older was also right skewed with half of the counties below 4,217 older adults and only 

6% of the counties had more than 50,000 older adults.  
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Figure 3. Histogram of monthly fall rates per 100,000 older adults in the analytic sample (N = 
66,945). The median fall rate (147 falls per 100,000) is indicated with a dashed red line.    
  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The regional analysis aimed to better characterize the spatial variation in how weather, 

demographic, and socioeconomic variables were associated with fall-related hospitalization 

rates. Two-way ANOVAs were conducted to analyze the difference in average fall-related 

hospitalization rates and all predictive variables across the four regions. Descriptive statistics by 

region and results from the two-way ANOVAs can be found below in Table 2. The means of 

fall-related hospitalization rates and all other variables were significantly different across the 

regions. The average fall rate was highest in the Southern region (170.2 falls per 100,000 adults 

aged 65 years and older) and lowest in the Western region (112.5 falls per 100,000 adults aged 

65 years and older). The Midwestern and Northeastern regions were similar in average monthly 

temperatures (minimum, mean, and maximum). The Northeastern region had a much higher 

average population density and the highest proportions of women and adults 85 years of age and 

older.  The Southern region had the lowest mean county-level median income ($24,752) and the 

highest proportion of older adults living below the poverty line (0.10).  
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Table 2. Summary statistics for sample, outcome, weather, demographic, and socioeconomic 
characteristics by census region (West, Midwest, South & Northeast). Mean and IQR presented 
in parentheses when applicable. Two-way ANOVA F-statistics and p-values also presented.  
 

 Variable West Midwest South Northeast ANOVA 
(F-statistic; 

p-value) 
Sample States 'WA', 'OR', 

'CA', 'MT', 
'ID', 'WY', 
'NV', 'UT', 
'CO', 'AZ', 

'NM' 

'ND', 'SD', 
'NE', 'KS', 
'MN', 'IA', 
'MO', 'WI', 

'IL', 'IN', 'MI', 
'OH' 

'TX', 'OK', 'AR', 
'LA', 'MS', 'AL', 
'GA', 'FL', 'SC', 
'NC', 'KY', 'TN', 

'WV','MD', 
'DE', 'VA', 'DC' 

'PA', 'NY', 
'NJ', 'VT', 

'NH', 'MA', 
'CT', 'RI', 

'ME' 

 

 Number of 
Counties in the 

Analytic 
Sample) 

193 506 838 196  

 Number of 
Monthly Rates 

8,476 17,023 30,936 10,330  

Outcome Fall-related 
Hospitalization 

Rate per 
100,000 

113.8 
(80.7, 137.4) 

161.6 
(120.2, 191.7) 

170.2 
(122.8, 198.0) 

145.4 
(117.0, 171.5) 

1830.2 
p <0.001 

Weather 
Variables 

Minimum 
Monthly 

Temperature 
(°C) 

0.5 
(-5.0, 7.2) 

-3.5 
(-12.8, 6.7) 

4.2 
(-3.8, 13.0) 

-2.7 
(-10.6, 6.7) 

2345.8 
p <0.001 

 Average 
Monthly 

Temperature 
(°C) 

13.1  
(7.2, 19.1) 

10.4 
(1.4, 19.8) 

16.9  
(10.0, 24.3) 

10.2 
(1.8, 18.8) 

2537.0 
p <0.001 

 Maximum 
Monthly 

Temperature 
(°C) 

27.3  
(20.6, 34.4) 

24.9 
(17.8, 32.2) 

29.6 
(25.0, 34.4) 

24.0 
(17.0, 31.6) 

1975.6 
p <0.001 

 Maximum 
Monthly 

Precipitation 
(mm) 

5.6  
(0.0, 6.4) 

10.5 
(0.0, 15.7) 

14.0 
(0.0, 22.1) 

11.7 
(0.0, 18.5) 

233.3 
p <0.001 

 Maximum 
Monthly 

Snowfall (mm) 

5.8  
(0.0, 0.0) 

12.5 
(0.0, 0.0) 

3.3 
(0.0, 0.0) 

14.7 
(0.0, 0.0) 

255.3 
p <0.001 

 Maximum 
Monthly 

Windspeed 
(km/h) 

21.9 
(16.0, 26.7) 

25.0 
(20.1, 29.5) 

19.5 
(14.8, 23.7) 

21.7 
(16.5, 26.4) 

2342.3 
p <0.001 
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Demographic 
Variables 

Proportion 85 
Years and 

Older 

0.13 
(0.12, 0.14) 

0.14 
(0.13, 0.16) 

0.12 
(0.10, 0.13) 

0.15 
(0.13, 0.16) 

7663.2 
p <0.001 

 Proportion 
Female 

0.55  
(0.53, 0.56) 

0.56 
(0.56, 0.57) 

0.56 
(0.55, 0.58) 

0.57 
(0.56, 0.58) 

2848.5 
p <0.001 

 Proportion 
Non-Hispanic 

White 

0.81 
(0.69, 0.94) 

0.93 
(0.93, 0.97) 

0.82 
(0.76, 0.93) 

0.90 
(0.88, 0.98) 

3876.0  
p <0.001 

 Total County 
Population 

Density 
(people/miles2) 

35.6  
(3.1, 28.4) 

37.5 
(11.5, 35.9) 

35.9 
(7.5, 28.2) 

114.2 
(15.3, 72.4) 

802.6 
p <0.001 

Socioeconomic 
Variables 

County 
Median 

Income ($) 

26,180 
(22,176, 
29,643) 

26,301 
(23,194, 
28,342) 

24,752 
(21,013, 
26,728) 

28,672 
(24,331, 
31,669) 

1404.3 
p <0.001 

 Gini Index 0.45 
(0.43, 0.46) 

0.43 
(0.41, 0.45) 

0.45 
(0.43, 0.47) 

0.44 
(0.42, 0.46) 

1609.9 
p <0.001 

 Proportion 
Below Poverty 

Line 

0.08 
(0.07, 0.10) 

0.07 
(0.06, 0.08) 

0.10 
(0.07, 0.11) 

0.08 
(0.06, 0.08) 

3153.4 
p <0.001 
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Model Results 
 
 
National Models  
 
 
National Random Forests  
 
 
The national round of random forests used all the monthly fall-related hospitalization rates and 

the relevant variables for each of the four models without explicitly adjusting for spatial 

variation. The weather random forest ranked the monthly maximum and minimum temperatures 

as the most predictive features of monthly fall-related hospitalization rates (MDI values of 0.50 

and 0.47, respectively). Precipitation, snow fall, and wind speed were not used to split any nodes 

across the forest (MDI = 0). Months with highly variable temperatures (both lower monthly 

minimums and higher monthly maximums) experienced the highest falls-related hospitalization 

rates. The testing MAPE was 40.8%, which means that with a random forest constructed only 

from temperature variables, the average predicted monthly fall rates for 2014 – 2015 were 40.8% 

different than the actual fall rates. The demographic random forest ranked population density and 

proportion female as the only important predictive features (each had 0.50 MDI). The predictive 

performance of this model for 2014 – 2015 fall-related hospitalization rates was improved by 

2.6% from the weather model (test error of 38.2%). Rural counties and counties with a higher 

proportion of older women experienced the highest fall-related hospitalization rates. The 

socioeconomic random forest only considered median income in all its splits. The highest falls-

related hospitalization rates were in the counties with the lowest median income and the lowest 

falls-related hospitalization rates were in the highest median income counties. The 

socioeconomic model performance fell between the weather and demographic models with a test 

MAPE of 39.9%. The full competitive random forest model with all features was the most 
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accurate, with 4.6% improvement upon the best individual model (test MAPE 33.6%). The 

ranking of features for this prediction was: proportion female (MDI 0.35), population density 

(MDI 0.33), proportion non-Hispanic white (MDI 0.22), median income (MDI 0.09), and less 

than 0.01 MDI for all other variables. None of the weather variables contributed to the 

prediction. Table 3 includes the training and testing MAPE, the ranking of the important features 

with MDI values greater than 0.01, and the optimal hyperparameters for all the national random 

forests.  

 

Table 3. Mean absolute percentage errors (test, train), ranking of the non-zero important 
features (MDI value), and optimal hyperparameters from the four national random forest 
models.   

 Test (Train) 
MAPE 

Rank of Important Features (MDI) Optimal 
Hyperparameters 

Weather 
Model  

40.8% (34.0%) Maximum temperature (0.50), 
minimum temperature (0.46), average 

temperature (0.04) 

Max depth: 2, min 
samples per leaf: 5, 

number of trees: 100 
Demographic 

Model 
38.2% (32.2%) Population density (0.50), proportion 

female (0.50) 
Max depth: 2, min 
samples per leaf: 1, 

number of trees: 200 
Socioeconomic 

Model 
39.9% (33.3%) Median income (1.0) Max depth: 2, min 

samples per leaf: 10, 
number of trees: 50 

Full Model 33.6% (32.1%) Proportion female (0.35), population 
density (0.33), proportion non-Hispanic 

white (0.22), median income (0.08), 
Gini Index of Income Inequality (0.01), 

proportion poor (0.01) 

Max depth: 4, min 
samples per leaf: 1, 

number of trees: 200 
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National Mixed-Effects Poisson Models  
 
 
The same four models (weather, demographic, socioeconomic, and full) were conducted again at 

the national level using mixed-effects Poisson regression. The weather model had significant but 

small effects for monthly minimum, average, and maximum temperatures, and maximum 

windspeed (Table 4). For one standard deviation increase in the monthly average temperature, 

the estimated fall-related hospitalization rate decreases by a factor of 0.991 (95% CI: [0.986, 

0.995]; p < 0.001), after controlling for all other weather variables. Both lower monthly 

minimum and higher monthly maximum temperatures were associated with higher monthly fall-

related hospitalization rates.  After controlling for all weather variables, higher windspeeds were 

associated with lower fall rates.  

 

 
Table 4. Estimates and 95% confidence intervals from mixed-effects Poisson regression model 
using weather variables on training data (2009 – 2013) in the analytic sample.  

 Estimate 95% Confidence 
Interval 

P-value 

Monthly Average 
Temperature 

0.990 [0.986, 0.995] < 0.001 

Monthly Minimum 
Temperature 

0.989 [0.986, 0.992] < 0.001 

Monthly Maximum 
Temperature 

1.005 [1.002, 1.007] 0.002 

Monthly Maximum 
Precipitation 

1.000 [0.999, 1.001] 0.62 

Monthly Maximum 
Snowfall 

1.001 [1.000, 1.002] 0.054 

Monthly Maximum 
Windspeed 

0.999 [0.998, 1.000] 0.133 
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The demographic mixed-effects Poisson model had significant associations for every variable 

(Table 5). Counties with a standard deviation higher population density were associated with a 

0.804 factor decrease in fall-related hospitalization rates (95% CI: [0.754, 0.857]; p < 0.001). 

After controlling for all other demographic variables, higher proportions of women 65 years and 

older were associated with a decrease in fall rates (coefficient estimate: 0.680; 95% CI: [0.631, 

0.733]; p < 0.001). Among the adults 65 years and older, higher proportions of non-Hispanic 

white and those 85 years of age and older were associated with increased fall-related 

hospitalization rates.  

 
Table 5. Estimates and 95% confidence intervals from mixed-effects Poisson regression using 
demographic variables on training data (2009 – 2013).  

 Estimate 95% Confidence Interval P-value 
Population Density 0.804 [0.754, 0.857] < 0.001 

Proportion Female 0.680 [0.631, 0.733] < 0.001 
Proportion non-
Hispanic White 

1.111 [1.027, 1.206] 0.009 

Proportion 85 years 
and older 

1.161 
 

[1.082, 1.246] < 0.001 

 
 
The socioeconomic mixed-effects Poisson model also had highly significant associations for 

every variable (Table 6). A standard deviation higher median county income was associated with 

less than half the fall-related hospitalization rates (coefficient estimate: 0.467; 95% CI: [0.435, 

0.501]; p < 0.001). Higher proportions of older adults under the poverty line were associated 

with increased fall-related hospitalization rates. After controlling for the other socioeconomic 

variables, higher values of the Gini Index of Income Inequality (more inequality) were associated 

with decreased fall-related hospitalization rates.  
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Table 6. Estimates and 95% confidence intervals from Poisson regression of Model 3 
(socioeconomic variables) on training data (2009 – 2013).  

 Estimate 95% Confidence Interval P-value 
Median Income 0.467 [0.435, 0.501] < 0.001 

Gini Index of Income Inequality 0.644 [0.609, 0.681] < 0.001 
Proportion under the Poverty Line 1.150 [1.087, 1.218] < 0.001 

 

In the full mixed-effects Poisson model, all variables significant in the prior models remained 

significant. The effect size of population density decreased in the full model and the effect of 

older adults under the poverty line increased. Unlike the random forest models which prioritize 

predictive accuracy and feature selection, the weather variables remained significant even though 

they continued to have small effect sizes.   

 
Table 7. Estimates and 95% confidence intervals from mixed-effects Poisson regression using all 
variables on training data (2009 – 2013).  

 Estimate 95% Confidence Interval P-value 
Monthly Average 

Temperature 
0.991 [0.986, 0.995] < 0.001 

Monthly Minimum 
Temperature 

0.989 [0.986, 0.992] < 0.001 

Monthly Maximum 
Temperature 

1.005 [1.002, 1.007] < 0.001 

Monthly Maximum 
Precipitation 

1.000 [0.999, 1.001] 0.604 

Monthly Maximum 
Snowfall 

1.001 [1.000, 1.001] 0.055 

Monthly Maximum 
Windspeed 

0.999 [0.998, 1.000] 0.146 

Population Density 0.902 [0.854, 0.952] < 0.001 
Proportion Female 0.703 [0.661, 0.748] < 0.001 

Proportion non-
Hispanic White 

1.415 [1.315, 1.524] < 0.001 

Proportion 85 years 
and older 

1.195 [1.127, 1.268] < 0.001 

Median Income 0.602 [0.4561, 0.646] < 0.001 
Gini Index of Income 

Inequality 
0.751 [0.710, 0.794] < 0.001 

Proportion under the 
Poverty Line 

1.515 [1.424, 1.611] < 0.001 
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The mixed-effects Poisson regressions had better performance than their corresponding random 

forest models, with test errors consistently around 30.4% MAPE (about a 3.2% improvement 

from the best random forest). The training and testing MAPEs were also more consistent across 

all the mixed-effects Poisson models (Table 8).  

 
 
Table 8. Mean absolute percentage error (MAPE) for all national mixed-effects Poisson 
regression models.  

 Test Error Train Error 
Weather Model 30.38 29.60 

Demographic Model 30.43 29.61 
Socioeconomic Model 30.42 29.61 

Full Model 30.44 29.60 
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Regional Models  
 
 
Regional Random Forests  
 
 
For the regional round of analysis, the same four random forests using each set of variables 

(weather, demographic, socioeconomic, and full) were constructed for each of the 4 census 

regions (16 total models). There were different patterns across the models and regions in what 

and how features predicted fall-related hospitalization rates. The uneven amounts of unique 

observations meaningfully affected model performance, as demonstrated by the differences 

between the high error in the Western region (smallest number of monthly fall rates) and the 

relatively comparable accuracies for all other regions. The weather models alone consistently 

had the worst predictive accuracies. In full competitive models, the demographic characteristics 

were particularly important. The random forests constructed at the regional level were more 

complicated than the national models, typically with the highest maximum depth and number of 

estimators provided through the hyperparameter grid tunning. The testing and training MAPE, 

ranking of features with MDI values greater than 0.01, and the optimal hyperparameters for all 

regional random forests can be found in Table 9.  

 

The Western region had much smaller fall-related hospitalization rates than the other regions but 

followed similar patterns as the national models. The Western weather random forest had the 

highest feature importance for the minimum monthly temperature and the maximum windspeed. 

However, the incredibly high error (100% MAPE) makes this random forest unusable for 

description or prediction. The demographic random forest performed much better than the 

weather model, but still had a much higher error percentage than any of the national models 
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(53.2% MAPE). The same pattern as the national demographic model was observed with 

population density and proportion female continuing to be the most important features for fall-

related hospitalizations predictions (higher rates for more rural and female counties). The 

socioeconomic random forest had a similar error as the demographic model and considered all 

the features in its predictions (median income MDI 0.45, proportion under the poverty line 0.30, 

and Gini Index of Income Inequality 0.25), as opposed to the national model that only used 

median income. In the full model, population density and proportion female were the most 

important features and weather variables again were rarely used for prediction in the entire 

random forest (MDI < 0.01).  

 

The Midwestern weather random forest included more features in its predictions than the 

national model. There was about an even contribution of monthly average temperature and 

maximum windspeed (MDI 0.28), followed by maximum precipitation and minimum 

temperature (MDI ~0.17). The use of multiple weather features in prediction combined with the 

complicated random forest structure (highest values of all hyperparameters provided), suggests 

that there is a complex relationship in the Midwestern region between weather and fall-related 

hospitalization rates. The demographic model improved accuracy and continued to demonstrate 

the pattern of first selecting on population density (MDI 0.72) and then proportion female (MDI 

0.16), with small contributions of the other two features. The socioeconomic model again 

selected median income as the most important feature, but it also had the highest feature 

importance for the Gini Index of Income Inequality (MDI 0.29). The full Midwestern model had 

high predictive accuracy (24.5% MAPE) and again primarily split on demographics (population 

density and proportion female).  
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The Southern random forests displayed slightly different patterns than the comparable national or 

other regional models. Although temperature variables were again the most important features in 

the Southern weather model, it was primarily monthly averages and minimums that predicted 

fall-related hospitalization rates (0.47 and 0.44 MDI, respectively). Overall cooler temperatures 

presented the highest risk in the South as opposed to variable monthly temperatures or high 

monthly maximum temperatures. The ranking of the feature importance values from the 

Southern demographic model also displayed a different order. The most important feature was 

again population density (MDI 0.55); however, this was followed by the proportion of non-

Hispanic white older adults (MDI 0.22), and then the proportion of adults 85 years and older 

(MDI 0.15). Counties that were more rural, old, and white had higher fall-related hospitalization 

rates. The Southern socioeconomic random forest followed the same pattern as the national 

model with only median income as the predictive feature (MDI 1.0). Between the highest and 

lowest median income counties, the fall-related hospitalization rate more than doubled. The full 

Southern model continued to rank the demographic features as the most important, but again had 

a different order than the national or other regional models.  

 

The Northeastern random forests also followed different patterns. In the Northeastern weather 

model, the monthly maximum windspeed was the most important feature (MDI 0.31) followed 

by the monthly minimum temperature (MDI 0.20) and a more even split between precipitation 

(MDI 0.15), maximum temperature (MDI 0.12), and snow (MDI 0.10). This was again the most 

complicated random forest, suggesting a complex relationship between multiple weather 

variables and fall-related hospitalization rates. The Northeastern demographic model was also 

different in its ranking of predictive features with the proportion of adults 85 years of age and 
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older (MDI 0.37) as the most important followed by proportion female (MDI 0.32). Population 

density was the least important. The Northeastern socioeconomic random forest almost evenly 

ranked the importance of the proportion under the poverty line (MDI 0.46) and median income 

(MDI 0.42). The full Northeastern model was the most accurate of all the regional models with 

an MAPE of 23.7%. This model again prioritized demographic features in its predictions of fall-

related hospitalization rates, in the same order as the demographics model. It also ranked 

socioeconomic variables higher in feature importance than other regional models (MDI 0.17 for 

median income and MDI 0.10 for proportion under the poverty line).  

 

Table 9. Results from the regional random forests: testing (training) MAPE, ranking of features 
(MDI values), and optimal hyperparameters. Only features with MDI values greater than 0.01 
are presented.  

  West Midwest South Northeast 
Weather 
Model 

Testing 
(Training) 

MAPE 

100% (84.4%) 32.9% (31.6%) 31.7% (34.8%) 29.6% (26.6%) 

 Feature 
Rank 
(MDI) 

Minimum 
temperature 

(0.51), maximum 
windspeed (0.23), 

maximum 
temperature 

(0.12), average 
temperature 

(0.09), maximum 
precipitation 

(0.04) 

Maximum 
temperature 

(0.28), maximum 
windspeed (0.28), 

maximum 
precipitation 

(0.17), minimum 
temperature 

(0.17), average 
temperature 

(0.08), maximum 
snow (0.02) 

Average 
temperature 

(0.46), minimum 
temperature 

(0.44), maximum 
precipitation 

(0.05), maximum 
temperature 

(0.04), maximum 
windspeed (0.01) 

Maximum 
windspeed (0.31), 

minimum 
temperature (0.22), 

precipitation 
maximum (0.15), 

maximum 
temperature (0.12), 

maximum snow 
(0.10), average 

temperature (0.09) 

 Optimal 
Hyper-

parameters 

Max depth: 5, 
min samples per 
leaf: 10, number 

of trees: 200 

Max depth: 5, min 
samples per leaf: 

10, number of 
trees: 200 

Max depth: 2, 
min samples per 

leaf: 1, number of 
trees: 50 

Max depth: 5, min 
samples per leaf: 1, 

number of trees: 200 

Demographic 
Model 

Testing 
(Training) 

MAPE 

53.2% (45.2%) 24.7% (22.8%) 26.2% (30.2%) 24.8% (22.5%) 

 Feature 
Rank 
(MDI) 

Population 
density (0.61), 

proportion female 
(0.26), proportion 

Population density 
(0.72), proportion 

female (0.16), 
proportion non-

Population 
density (0.54), 
proportion non-
Hispanic white 

Proportion 85 years 
and older (0.37), 

proportion female 
(0.32), proportion 
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non-Hispanic 
white (0.07), 
proportion 85 

years and older 
(0.06) 

Hispanic white 
(0.09), proportion 
85 years and older 

(0.03) 

(0.22), proportion 
85 years and 
older (0.15),  

proportion female 
(0.08), 

non-Hispanic white 
(0.17), population 

density (0.15) 

 Optimal 
Hyper-

parameters 

Max depth: 5, 
min samples per 
leaf: 10, number 

of trees: 200 

Max depth: 5, min 
samples per leaf: 

5, number of trees: 
50 

Max depth: 4, 
min samples per 

leaf: 1, number of 
trees: 200 

Max depth: 5, min 
samples per leaf: 10, 
number of trees: 50 

Socioeconomic 
Model 

Testing 
(Training) 

MAPE 

55.5% (49.7%) 28.1% (26.4%) 29.7% (31.4%) 24.1% (22.5%) 

 Feature 
Rank 
(MDI) 

Median income 
(0.45), proportion 
poor (0.30), Gini 
Index of Income 
Inequality (0.25) 

Median income 
(0.54), Gini Index 

of Income 
Inequality (0.29), 
proportion poor 

(0.17)  

Median income 
(1.0) 

Proportion poor 
(0.46), median 

income (0.42), Gini 
Index of Income 
Inequality (0.12) 

 Optimal 
Hyper-

parameters 

Max depth: 5, 
min samples per 
leaf: 10, number 

of trees: 200 

Max depth: 5, min 
samples per leaf: 

10, number of 
trees: 200 

Max depth: 2, 
min samples per 

leaf: 1, number of 
trees: 200 

Max depth: 5, min 
samples per leaf: 10, 
number of trees: 50 

Full Model Testing 
(Training) 

MAPE 

53.2% (44.3%) 24.5% (22.6%) 26.3% (29.8%) 23.7% (26.6%) 

 Feature 
Rank 
(MDI) 

Population 
density (0.55), 

proportion female 
(0.22), Gini 

Index of Income 
Inequality (0.08), 
median income 

(0.06), proportion 
non-Hispanic 
white (0.03), 

proportion poor 
(0.02), proportion 

85 years and 
older (0.02) 

Population density 
(0.69), proportion 

female (0.14), 
proportion non-
Hispanic white 
(0.05), median 
income (0.04), 
Gini Index of 

Income Inequality 
(0.03), proportion 
85 years and older 

(0.03),  
proportion poor 

(0.02) 

Population 
density (0.46), 
proportion non-
Hispanic white 

(0.19), proportion 
85 years and 
older (0.14),  

median income 
(0.10),   

proportion poor 
(0.06),  

Gini Index of 
Income 

Inequality (0.03), 
proportion female 

(0.02), 

Proportion 85 years 
and older (0.30), 

proportion female 
(0.22), median 
income (0.17), 
proportion poor 

(0.10), population 
density (0.09), Gini 

Index of Income 
Inequality (0.07), 
proportion non-
Hispanic white 

(0.03) 

 Optimal 
Hyper-

parameters 

Max depth: 5, 
min samples per 
leaf: 10, number 

of trees: 200 

Max depth: 5, min 
samples per leaf: 

10, number of 
trees: 50 

Max depth: 4, 
min samples per 
leaf: 10, number 

of trees: 200 

Max depth: 5, min 
samples per leaf: 10, 
number of trees: 50 
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Regional Mixed-Effects Poisson Models  
 
 
The same four mixed-effects Poisson models with each set of variables (weather, demographic, 

socioeconomic, and full) were conducted for each of the four regions. Almost all the weather 

variables were significant in the Western, Midwestern, and Southern weather models. In the 

Northeast, only monthly maximum precipitation and maximum temperature were significant 

after controlling for all other weather variables. In the Western weather model, the temperature 

variables had the largest effect sizes. A standard deviation increase in average monthly 

temperatures was associated with a 1.021 (95% CI: [1.007, 1.034]; p < 0.01) increase in the fall-

related hospitalization rates. Increased monthly minimum and maximum temperatures were 

associated with decreased fall-related hospitalization rates. A standard deviation increase in 

monthly snowfall and precipitation was also associated with a small increase in fall-related 

hospitalization rates. In the Midwest, higher monthly average and minimum temperatures were 

associated with decreased fall-related hospitalization rates (around 0.98). Higher monthly 

maximum temperatures, precipitation, and snow were associated with increased rates. The 

Southern region followed similar patterns as the Midwestern region but experienced slightly 

decreased fall-related hospitalizations with a standard deviation increase in snowfall (estimate: 

0.998; 95% CI: [0.997, 0.999]; p < 0.001). In the Northeastern region, only two weather 

variables (maximum temperature and precipitation) were associated with fall-related 

hospitalization rates. Table 10 displays the results from the regional weather mixed-effects 

Poisson regressions.  

 
 
 
 



 35 

Table 10. Estimates [95% confidence intervals] for regional mixed-effects Poisson regressions 
with weather variables, conducted on the 2009 – 2013 training data.     

 West Midwest South Northeast 
Monthly 
Average 

Temperature 

1.021 
[1.007, 1.034] 

 ** 

0.988 
[0.979, 0.997]  

** 

0.982 
[0.976, 0.987]  

*** 

0.995 
[0.983, 1.006] 

Monthly 
Minimum 

Temperature 

0.979 
[0.970, 0.988] 

 *** 

0.981 
[0.975, 0.988] 

 *** 

0.995 
[0.991, 0.999] 

 * 

0.994 
[0.986, 1.002] 

Monthly 
Maximum 

Temperature 

0.981 
[0.973, 0.990] 

 *** 

1.015 
[1.010, 1.020]  

*** 

1.011 
[1.008, 1.014] 

 *** 

0.993 
[0.987, 0.998]  

* 
Monthly 

Maximum 
Precipitation 

1.004 
[1.000, 1.006]  

* 

1.002 
[1.000, 1.004] 

 * 

0.999 
[0.998, 1.000] 

1.006 
[1.004, 1.009]  

*** 
Monthly 

Maximum 
Snowfall 

1.004 
[1.001, 1.007]  

** 

1.003 
[1.002, 1.005]  

*** 

0.998 
[0.997, 0.999]  

*** 

1.001 
[0.999, 1.004] 

Monthly 
Maximum 
Windspeed 

0.997 
[0.994, 1.000] 

0.997 
[0.995, 0.999] 

 ** 

1.001 
[0.999, 1.002] 

1.000 
[0.997, 1.004] 

* p < 0.05  
**p< 0.01  
***p <0.001 
 
 
 
In the regional demographic mixed-effect Poisson models, the proportion of adults 65 years and 

older that are female was consistently associated with decreased fall-related hospitalization rates 

across all regions after controlling for other demographics. Population density and proportion of 

older adults 85 years and older were associated with fall-related hospitalization rates in all but 

the Northeastern region. A standard deviation increase in the proportion non-Hispanic white 

adults was associated with an increase in fall-related hospitalization rates only in the Midwest 

and Northeast. The results from the regional demographic mixed-effects Poisson models can be 

found in Table 11.   
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Table 11. Estimates [95% confidence intervals] for regional mixed-effects Poisson regressions 
with demographic variables, conducted on the 2009 – 2013 training data.     

 West Midwest South Northeast 
Proportion 

85 years and 
older 

1.366 
[1.126, 1.658]  

** 

1.193 
[1.092, 1.304] 

 *** 

1.084 
[0.990, 1.186]  

* 

1.032 
[0.889, 1.198] 

Proportion 
Female 

0.411 
[0.340, 0.500]  

*** 

0.866 
[0.789, 0.951]  

** 

0.873 
[0.784, 0.972] 

 * 

0.508 
[0.424, 0.608]  

*** 
Proportion 

non-
Hispanic 

White 

0.779 
[0.600, 1.012] 

1.395 
[1.190, 1.634] 

 *** 

1.031 
[0.934, 1.138] 

1.372 
[1.110, 1.700]  

** 

Population 
Density 

0.675 
[0.540, 0.843] 

 *** 

0.537 
[0.455, 0.635]  

*** 

0.582 
[0.511, 0.665]  

*** 

1.043 
[0.898, 1.211] 

* p < 0.05  
**p< 0.01  
***p <0.001 
 
 

 

In the regional socioeconomic mixed-effects Poisson models, a standard deviation higher median 

county income was associated with halved fall-related hospitalization rates. A higher Gini Index 

of Income Inequality (more unequal) was also associated with decreased fall-related 

hospitalization rates in all regions, after controlling for the other socioeconomic variables. An 

increased proportion of older adults under the poverty line had different associations by region – 

there was no significant association in the Western region, a decreased association in the 

Northeast, and increased associations in South and Midwest. Detailed results from these 

regressions are presented below in Table 12.  
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Table 12. Estimates [95% confidence intervals] for regional mixed-effects Poisson regressions 
with socioeconomic variables, conducted on the 2009 – 2013 training data.     

 West Midwest South Northeast 
Median Income 0.391 

[0.319, 0.480]  
*** 

0.515 
[0.462, 0.574]  

*** 

0.488 
[0.438, 0.543]  

*** 

0.583 
[0.490, 0.693]  

*** 
Gini Index of 

Income Inequality 
0.703 

[0.586, 0.844] 
 *** 

0.551 
[0.503, 0.604]  

*** 

0.721 
[0.665, 0.782]  

*** 

0.651 
[0.559, 0.758] 

 *** 
Proportion under 
the Poverty Line 

0.999 
[0.835, 1.196] 

1.128 
[1.026, 1.239]  

* 

1.237 
[1.146, 1.334]  

*** 

0.832 
[0.709, 0.977]  

* 
* p < 0.05  
**p< 0.01  
***p <0.001 
 

The full regional mixed-effects Poisson regression models followed similar patterns as their 

component models. Notably, the same associations with the weather variables remained after 

controlling for the relevant sociodemographics. Higher monthly minimum temperatures were 

associated with a decrease in fall-related hospitalization rates in the West, Midwest, and South. 

The association between higher monthly maximum temperatures and fall-related hospitalization 

rates varied by region – higher in the Midwest and South, but lower in the West and Northeast. 

Higher snowfall was associated with increased fall-related hospitalization rates in the West and 

Midwest, but lower rates in the South. Higher maximum precipitation was associated with higher 

fall-related hospitalization rates in the Northeast and Midwest. The associations with population 

density were mostly attenuated in the full regional models, except in the Midwest where more 

rural counties were associated with about a 50% increase in fall-related hospitalization rates. As 

opposed to the random forests, higher proportions of women were associated with decreased fall-

related hospitalization rates after controlling for the sociodemographics. Median county income 

continued to have a large association with fall-related hospitalization rates in all regions. The 

results of the regional mixed-effects Poisson regression models with all variables are in Table 13. 
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Table 13. Estimates [95% confidence intervals] for regional mixed-effects Poisson regressions 
with all variables, conducted on the 2009 – 2013 training data.     

 West Midwest South Northeast 
Monthly 
Average 

Temperature 

1.021  
[1.007, 1.034] 

 ** 
 

0.988 
[0.979, 0.997] 

 ** 

0.982 
[0.976, 0.987] 

 *** 

0.995 
[0.983, 1.006] 

Monthly 
Minimum 

Temperature 

0.979 
[0.970, 0.988]  

*** 

0.981 
[0.975, 0.988]  

*** 

0.995 
[0.991, 0.999] 

 * 

0.994 
[0.986, 1.002] 

Monthly 
Maximum 

Temperature 

0.981 
[0.973, 0.990]  

*** 

1.015 
[1.010, 1.020]  

*** 

1.011  
[1.008, 1.014]  

*** 

0.992 
[0.987, 0.998]  

* 
Monthly 

Maximum 
Precipitation 

1.003 
[1.000, 1.006] 

1.002 
[1.000, 1.004]  

* 

0.999 
[0.998, 1.000] 

1.006 
[1.004, 1.009]  

*** 
Monthly 

Maximum 
Snowfall 

1.004 
[1.001, 1.007] 

 ** 

1.003 
[1.002, 1.005]  

*** 

0.998 
[0.997, 0.999]  

*** 

1.001 
[0.999, 1.004] 

Monthly 
Maximum 
Windspeed 

0.997 
[0.994, 1.001] 

0.997 
[0.995, 0.999]  

** 

1.001 
[0.999, 1.002] 

1.000 
[0.997, 1.004] 

Proportion 
85 years and 

older 

1.271 
[1.068, 1.513]  

** 

1.166 
[1.080, 1.257]  

*** 

1.110 
[1.026, 1.202]  

** 

1.045 
[0.914, 1.195] 

Proportion 
Female 

0.551 
[0.457, 0.666]  

*** 

0.857 
[0.790, 0.929]  

*** 

0.786 
[0.719, 0.860]  

*** 

0.538 
[0.458, 0.631]  

*** 
Proportion 

non-Hispanic 
White 

1.413 
[1.032, 1.934]  

* 

1.453 
[1.265, 1.668]  

*** 

1.335 
[1.216, 1.465]  

*** 

1.546 
[1.242, 1.875]  

*** 
Population 

Density 
0.899 

[0.722, 1.120] 
0.676 

[0.583, 0.784]  
*** 

0.961 
[0.850, 1.087] 

1.046 
[0.899, 1.218] 

Median 
Income 

0.619 
[0.496, 0.774]  

*** 

0.725 
[0.655, 0.802]  

*** 

0.580 
[0.516, 0.652] 

*** 

0.744 
[0.638, 0.867]  

*** 
Gini Index of 

Income 
Inequality 

0.817 
[0.691, 0.968] 

 * 

0.769 
[0.704, 0.839]  

*** 

0.790 
[0.726, 0.861]  

*** 

0.894 
[0.787, 1.017] 

Proportion 
under the 

Poverty Line 

1.466 
[1.179, 1.824]  

*** 

1.326 
[1.223, 1.437] 

1.510 
[1.388, 1.643]  

*** 

1.216 
[1.014, 1.459]  

* 
* p < 0.05  
**p< 0.01  
***p <0.001 
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The descriptive and predictive performance of the regional mixed-effects Poisson regressions 

was more consistent across models and regions compared to the random forests. The Western 

models actually had the lowest testing MAPE, when this had been the region with the highest 

error rates in the random forest models. The highest accuracy for predicting 2014 – 2015 fall-

related hospitalization rates for the regional random forest models was the Northeastern full 

model with an MAPE of 23.7%, which was comparable to the Western mixed-effects Poisson 

models around 24.2% MAPE. The MAPE values for the regional mixed-effects Poisson models 

are below in Table 14.  

 

Table 14. Test (train) MAPE values for regional mixed-effects Poisson models.  
 

 West Midwest South Northeast 
Weather Model  

 
24.06 (22.41) 30.89 (30.47) 32.53 (31.65) 28.39 (27.92) 

Demographic 
Model  

 

24.18 (22.41) 30.79 (30.47) 32.57 (31.65) 28.49 (27.92) 

Socioeconomic 
Model 

24.25 (22.41) 30.86 (30.47) 32.54 (31.65) 28.44 (27.92) 

Full 
Model 

24.29 (22.41) 30.76 (30.47) 32.58 (31.65) 28.48 (27.92) 
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Discussion 
 
 
Weather, demographic, and socioeconomic variables are all important predictors of fall-related 

hospitalization rates in older adults. However, these associations varied both by region and 

modeling approach. Overall, temperature variables were the most influential weather variables at 

the national level and for all regions except the Northeast. The random forests identified months 

with variable temperatures (both high maximums and low minimums) as having the highest fall-

related hospitalization rates. While the mixed-effects Poisson regressions suggested a more U-

shaped temperature relationship, where even holding constant for all temperature and weather 

variables, both high monthly maximum temperatures and low minimum temperatures were 

associated with increased fall-related hospitalization rates at the national level and in the 

Midwestern and Southern regions. The mixed-effects Poisson models allowed the 

sociodemographic confounders to be controlled for while estimating the small effects of the 

weather variables on fall-related hospitalization rates, whereas the competitive random forests 

dropped these variables in favor of the more predictive social factors. In the random forests, 

population density and the proportion of women 65 years and older were consistently the most 

predictive demographic features (more rural and female counties presented the highest risk). 

However, after controlling for all variables in the mixed-effects Poisson models, only rural 

Midwestern counties experienced increased fall-related hospitalization rates and the 

directionality of the relationship with the proportion of older women flipped. Median county 

income was the most predictive socioeconomic variable across most models. The predictive 

accuracy of the random forest and the mixed-effects Poisson regressions were relatively similar, 

however the regional mixed-effects Poisson regression models with all variables were more 

consistent and had mean absolute percentage errors ranging from 24.3% to 32.6%. These models 
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allow for better understanding of the epidemiology of fall-related hospitalization rates and could 

also be useful for public health planning.  

 

The finding that lower average and minimum temperatures are associated with increased fall risk 

is well-supported in the literature.9,14,27,28 However, in the full national mixed-effects Poisson 

regression models, higher monthly maximum temperatures were associated with increased fall-

related hospitalization rates which differs from two studies that used the same weather 

metrics.13,15 When separating by region, this U-shaped relationship between increased fall-related 

hospitalizations and both higher maximum and lower minimum monthly temperatures only 

exists in the Midwest and South. The study population and methods may contribute to these 

different findings as one was conducted in Hong Kong using Pearson correlation coefficients13 

and the other was conducted in Montreal, Canada using ARIMA modelling.15  It was surprising 

that snowfall was not significantly associated with monthly fall-related hospitalizations at the 

national level, as this has been one of the most consistently demonstrated associations,9 but its 

effect was seen regionally. Stevens et al. also found that regional variation was an important 

predictor of fall rates, but took a different approach to grouping states based on whether their 

average January temperature was below freezing.19 They found that fatal fall rates were higher in 

these cooler states regardless of season, where this thesis demonstrated a more complicated 

relationship between climate and fall-related hospitalizations.19 Although the seasonality of falls 

is a popular and contentious topic among this literature, 9,15,16,20,28,58 this was not explicitly 

explored here due to varying definitions of what constitutes a season based on region, climate, 

and year; however, it may be worth considering in future analysis. The machine learning 

applications in this field are primarily used to predict whether a patient will fall based on 
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individual characteristics, in order to allocate additional resources for fall prevention and older 

adult care.59-61 Young et al. & Liu et al. both found that random forests were the best performing 

models for that prediction task.59,60 There was one study, Crowson et al,  that modeled fall-

related death rates using multiple machine learning methods but used healthcare utilization data 

as predictors.62 However, the modeling techniques and metrics used here have not yet been 

applied to these research questions.  

 

Conducting this analysis with both random forests and mixed-effects Poisson regressions 

allowed for an interesting opportunity to compare and contrast these approaches. Random forests 

can accurately predict complicated nonlinear relationships as the constitutive trees consider at 

each node what variable split maximizes information gain and, in doing so, create final nodes 

that operate as conditional statements3 that are then averaged across in the final forest. They are 

also relatively robust to noise, errors, and missing data.44 Lastly, they rank the most important 

variables for prediction which can be useful for feature selection and possibly for prioritizing 

interventions. However, random forests on their own do not adjust for confounding like classic 

statistical methods and improving this is an active area of machine learning research.63,64 Some 

confounding adjustment methods for machine learning include sample matching, inverse 

probability weighting, penalized learners, and restricted permutations.63 Another approach could 

include adjusting the rates for geography, age and other confounders, which is how Crowson et. 

al handled this problem.62 These strengths and limitations were demonstrated through this 

project. The conditional decision-making structure identified that months with variable 

temperature (both high maximums and low minimums) had the highest fall-related 

 
3 For example, a final node could represent that in months where the minimum temperature is below -4°C and the 
maximum is above 19°C, the average fall-related hospitalization rate is 167 falls per 100,000 older adults.  
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hospitalization rates. In mixed-effects Poisson regression, this cannot be easily identified without 

creating additional features, as it holds all other variables constant when estimating one feature’s 

effect. However, without applying additional confounding adjustment techniques for random 

forests, some important problems arose. The sociodemographic confounding adjustment is 

necessary in this context as they may influence the associations between weather variables and 

fall-related hospitalization rates. When these sociodemographic characteristics were added to the 

full models, the decision-making criteria of the random forests completely ignored the weather 

variables due to their small effects. There was also a Simpson’s paradox where the proportion of 

older women was positively associated with fall-related hospitalization rates in the random 

forests, but after adjusting for other demographic characteristics in the mixed-effects Poisson 

regressions this association flipped.  

 

There are also strengths and limitations to the mixed-effects Poisson regression modeling. They 

are designed for repeated count data and can more easily adjust for spatial variation and 

confounders, but they cannot account for interactions without explicit model specification and it 

does not perform optimally if dispersion is present.65 The mixed-effects Poisson regression 

models accounted for spatial variation and the skewed county populations along with all other 

variables by including fixed state and random county effects and population offset terms. To 

avoid random forests dictated by individual county rates, spatial variation was only explicitly 

considered by separating observations into regions. However, it may be useful in future random 

forest modelling to adjust the rates geographically or explicitly include spatial units to identify 

areas with a disproportionate burden. The mixed-effects Poisson models also do not allow for as 

much flexibility in their predictions as the random forests. There may be important interactions 
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that were not specified and should be explored in additional sensitivity analyses. Although there 

are opportunities to improve both approaches through further model specification and feature 

engineering, overall, most of the models provided accurate descriptions and predictions that are 

useful for understanding and predicting the epidemiology of fall-related hospitalization among 

older adults.  

 

This thesis contributes to the field by combining disparate data sources and modeling 

approaches. Various weather, demographic, and socioeconomic variables were scraped from 

publicly available, government sources and combined with six years of monthly county-level 

fall-related Medicare hospitalization records from across the United States. This time frame 

allows for larger trends to be captured and greater generalizability. The selection of the monthly 

weather metrics aimed to capture both average climate and more extreme events at a stable unit 

of analysis that did not require lagging. The two different modelling approaches also revealed a 

complicated geospatial relationship with these multiple monthly weather metrics and  

fall-related hospitalization rates. As discussed, the random forest models and the mixed-effects 

Poisson models presented different strengths and limitations. However, the predictive accuracy 

could be useful across modelling approaches. Particularly with the geospatial and confounding 

adjustment of the mixed-effects Poisson regressions, some regional models could predict 

monthly county fall rates with less than 25% error.   

 

There are also important limitations to acknowledge. This thesis uses aggregated county-level 

variables for all analyses, and these associations should not be interpreted at the individual level. 

These associations may vary or not exist at the individual level, and individual 
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sociodemographics were not released. Additionally, the county-level sociodemographics may not 

be the same as the individuals who were hospitalized due to falls. There was also meaningful 

missingness that may affect the generalizability of these findings. Due to the strict data 

protection protocol, about 40% of the counties in the United States did not report any monthly 

fall counts over the entire study period (July 2009 – July 2015). These counties tended to be 

more rural and potentially may have different associations than the ones that did report data. The 

monthly weather metrics may not accurately capture general climate trends or the fall-related 

hospitalization burden of weather events (particularly extreme ones). The improved performance 

of the mixed-effects Poisson models could also mean that there are meaningful state and county 

level characteristics that affect fall-related hospitalization rates that are not accounted for here.   

 

Weather, demographic, and socioeconomic variables were important for predicting monthly 

county fall-related hospitalization rates across the United States from July 2009 – July 2015. 

Temperature variables tend to be the most important weather variables, with variation and 

extreme minimums and maximums presenting the largest risk but differing by region. 

Demographic variables are the most influential characteristics, but their associations differ 

depending on confounding adjustment through the modelling approaches. Socioeconomic 

variables are also relevant, mainly the county’s median income. Machine learning and classical 

statistics approaches were compared, with the mixed-effects Poisson models more consistently 

outperforming the random forests, likely due to its ability to account for spatial variation and 

confounding. There are meaningful spatial trends to the epidemiology of falls in the United 

States that are influenced by individual and environmental risk factors.  
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