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ABSTRACT 
Injuries and fatalities continue to pose major public health challenges 
across all age groups. This study explores how age, cause of incident, and 
time influence injury and death rates in the United States from 2001 to 
2020, using data from the CDC. By constructing injury and death rates per 
100,000 population and applying Poisson and Negative Binomial 
regression alongside Chi-square analysis, we uncover significant trends 
and associations. Findings show that age and cause are strong predictors 
of injury rates—with falls and motor vehicle-related causes emerging as 
major contributors. Age group 6, in particular, is linked with notably 
higher injury rates. While injury rates initially appeared to increase over 
time in Poisson models, this trend was less pronounced when 
overdispersion was properly addressed using a Negative Binomial model. 
Conversely, death rates declined steadily over the two decades, especially 
in earlier years, suggesting improvements in healthcare and prevention. 
However, this study is not without limitations. It relies on aggregated 
national data, which may overlook local and contextual factors such as 
socioeconomic status or healthcare access. Future studies should 
consider more granular data, individual-level trajectories, and a broader 
range of explanatory variables. Investigating the post-2020 period, 
especially in the context of COVID-19, could also offer valuable insights. 
Overall, this research emphasizes the need for targeted, age- and cause-
specific strategies to reduce injury and death, helping to shape policies 
that protect vulnerable populations and enhance public health outcomes.   
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1 INTRODUCTION 

     There are different factors responsible for human injuries and deaths. These 
factors vary by geographical location and season. Residents of earthquake- or 
flood-prone areas are at risk of injuries and deaths related to these natural 
disasters. Similarly, those in mountainous areas are at risk of falls resulting from 
hiking and other outdoor activities. Age is a very important factor to consider 
when examining the causes of human injuries and death. Different age groups 
are susceptible to different categories of injuries and fatalities. For example, 
older adults are more susceptible to injuries from falls *1, 2+, while younger 
adults are more at risk of poisoning injuries resulting from the use of illicit 
drugs, alcohol, and so on *3+. 
 
     Poisoning is an important factor when analyzing human injuries and fatalities 
statistics. It can be categorized into two: intentional and non-intentional. The 
accidental ingestion of harmful substances such as chemicals and medications 
which can easily occur among children is an example of unintentional 
poisoning. Among young adults and middle-aged individuals, a deliberate 
overdose of drugs for some momentary benefi,t or suicide are common 
intentional poisoning. In 2016, an estimated $812.5 million was the total cost of 
poisoning in British Columbia *3+. Of this total, 84% represents the cost of 
unintentional injuries suffered by young adults and middle-aged individuals 
between the age of 25-64 *3+. In a study carried out in North Carolina by Shiue 
et al., *4+, it was revealed that 895 of the drug overdose deaths recorded 
between 2015 and 2019 were unintentional and only 2% of the drug overdose 
deaths were intentional. 
 
     Incidents such as accidents, occupational hazards, and home fi,res involving 
flammable substances are some of the contributing factors to fi,re and burn 
injuries. These could lead to either disabilities or fatalities. Age is a key 
contributing factor to fi,re and burn incidents. Children are more likely to spill 
scalding liquids on their bodies, and older adults with cognitive impairments 
and mobility challenges are at a higher risk of fi,re accidents. According to the 
World Health Organization hlobal Burn Registry Report *5+, the highest cases of 
burns occurred among children aged 0 to 4, with flame and hot liquid steam or 
gas being the leading cause. Of the 9,278 cases reported in the global registry, 
1,751 fatalities were recorded *5+.  
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     No age group is at risk of transport accidents such as air crashes, motor 
vehicle accidents, or boat and cycling mishaps. About 1.3 million deaths are 
recorded every year as a result of road traffic accidents, and more than 50% of 
these deaths are among vulnerable road users such as pedestrians and cyclists 
*6+. Some of the factors responsible for road traffic accidents include season 
and weather conditions *7, 8+, over-speeding, and driving under the alcoholic 
influence *9, 10+. According to Chen et al. *11+, it is estimated that between 
2015 and 2030, the cost of road traffic accidents on the world economy would 
be about US$1·8 trillion. 
 
     The use of sharp objects, machinery, and other tools can lead to cut and 
pierce injuries and fatalities. These injuries can lead to nerve damage, extreme 
bleeding, and permanent disabilities due to amputations *12+. Occupational 
hazards in industries such as construction and manufacturing predispose 
working adults to risks of cut and pierce injuries and fatalities. Children and 
young adults are also at risk of accidental cuts and pierce injuries, which could 
result in fatalities. There are also cut and pierce injuries, which are products of 
Intimate Partner Violence (IPV) *13+. The study by Khurana et al., *13+ which 
analyzed the US Emergency Department injury surveillance data, revealed that 
cut injuries, lacerations, and injuries to the upper limb and arm regions are 
more common in males in IPV than females. IPV-related injuries in men are 
known to be underreported due to factors such as stigma, fear, and societal 
expectations. Understanding the associated injury pattern will assist healthcare 
providers in proactively identifying and assessing the cause of abuse in men. 
 
     Falls have been established as one of the leading causes of injury, 
particularly among older adults aged 65 years and above *1+. According to WHO 
*14+, about 684,000 deaths resulting from falls are recorded globally every year. 
Lytras et al. *15+ identifi,ed poor lighting conditions, psychotropic drugs, 
dizziness, and lack of safety standards in homes as some of the factors 
responsible for falls in the elderly. Another group highly susceptible to injury 
due to falls is children. Children are ‘risk takers’, an attribute they exhibit as 
they curiously explore their environment. Inadequate supervision could lead to 
the risk of injury due to uncontrolled physical activities. The impact of falls in 
both adults and children ranges from moderate to severe injuries such as head 
trauma, hip and femur fractures, and bruises, and in extreme cases, the injuries 
could lead to death. In some other cases, these injuries can inflict permanent 
disabilities. In 2020, the age-adjusted mortality rate due to falls was 10.843 
deaths per every 100, 000 individuals in China *16+. The WHO put the global 
DALYs (disability-adjusted life years) due to falls at 38 million annually *14+. This 
implies that, beyond premature death, a substantial number of years are lived 
with disability. This underscores the long-term impact on the affected 
individuals, the family, and society. 
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     Comprehensive analytics of the causal factors associated with injuries and 
fatalities, to age, will give signifi,cant insights into the trends and patterns 
exhibited by these disasters. The insights gained will assist in top-level health 
management decision-making, preventive strategies, and policy formulations 
with a signifi,cant impact on public health. This study is, therefore, aimed at the 
explorative analytics of factors such as poisoning, fall, fi,re/burn, cut/piercing, 
and transportation injuries to age and their impact on injuries and fatalities in 
the United States of America (USA). 
 
 

2 RELATED LITERATURE 

     Several studies have been conducted to investigate causal factors associated 
with age, injuries, and fatalities. The causes of injuries and fatalities, 
preventable and non-preventable, span from motor accidents, falls, poisoning, 
fi,res and burns, natural disasters, among others. A review of existing literature 
shows that abundant studies is using various statistical techniques to 
investigate the factors associated with human injuries and fatalities. Some of 
those studies are reviewed in this section. 
 
     Li et al. *17+ conducted a study in which they analyzed the impact of illegal 
driver behaviors on road traffic accidents in China. They used correlation and 
partial least square regression statistical analyses to identify the correlation 
between different factors and road accidents. They found that behaviors such 
as drunk driving, speeding, and illegal parking were signifi,cant risk factors 
associated with accidents. These results emphasize the importance of 
addressing these behaviors to reduce accidents and fatalities on the road. 
Although the study focused on China, its fi,ndings can offer valuable insights 
into a similar situation in other parts of the world. 
 
     In a study by Lerdsuwansri et al. *18+, road traffic injuries in Thailand were 
investigated using the Conway-Maxwell-Poisson regression model. The 
researchers analyzed factors such as road type, road surface, road section, and 
festive months to determine their association with injury counts per accident. 
The fi,ndings reveal that road type, road section, and festive months 
signifi,cantly impact the number of injuries sustained in accidents. These results 
emphasize the need for targeted interventions to improve road safety during 
specifi,c periods and on specifi,c road types. 
 
     Rathnayake et al. *19+ employed correlation analysis and kernel density 
estimation in a study done in Sri Lanka to evaluate the association between 
land use and land cover change (LULCC) and instances of human-elephant 
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conflict (HEC). Their fi,ndings demonstrated a link between HEC incidents and 
land use change events. It also discovered distinct spatial patterns of human 
deaths, injuries, elephant deaths, and property damage concerning HEC 
hotspots. These fi,ndings emphasize the importance of long-term land 
management policies and tailored interventions to reduce human-wildlife 
conflicts. Similarly, Neupane et al. *20+ investigated the temporal and spatial 
patterns of HEC in Nepal. The researchers evaluated historical records using 
regression and chi-squared testing to uncover patterns and factors leading to 
HEC events. According to their fi,ndings, the intensity of HEC was highest along 
the migratory path in the eastern Indo-Nepal border region. They also noticed 
an upsurge in conflict incidents at certain seasons and times of the year. To 
resolve human-elephant conflicts, the study suggested mitigation methods such 
as enhanced fencing, corridor development, and resource reallocation. 
 
     In hreece, Koutras et al. *21+ undertook a statistical investigation of 
lightning-related deaths, injuries, property damage, and fi,res. The researchers 
evaluated the association between lightning strikes and casualties using 
statistical methods such as correlation analysis and indicator computation. They 
evaluated data from a specifi,ed period to determine the relationship between 
lightning-related occurrences and other characteristics such as geographic 
regions and anti-lightning protective measures. The study emphasized the need 
to take necessary precautions and promote public awareness in order to limit 
the hazards connected with lightning strikes. 
 
     Turner et al. *22+ conducted a pilot study in the United States on the causes 
and rates of mortality among college/university students in America from the 
self-selected ages of 18 to 24 years. The study was conducted in 2010, during 
the summer and early fall, using an online survey approach, with 42 questions 
administered. A total of 157 colleges participated in the survey, with 254 deaths 
reported. Aspects investigated in the survey included age, gender, various 
school characteristics, and sources of information about student mortalities. 
The research equally analyzed the sample and national enrolment and 
characteristics for the 2009/2010 academic year. Excel 2007 and SPSS v19 were 
used to manage and analyze the data. Their results indicated that among 
college students, unintentional accidental deaths were the main causes of 
mortality, considering both vehicular and non-traffic cases. Further, alcohol-
related vehicular and non-traffic injuries were observed to be lower, and suicide 
was a factor in the death cases recorded. 
 
     Halabi et al. *23+, in their research, investigated the primary factors of fall-
related accidents in the construction industry involving 23057 cases covering 20 
years. The secondary data obtained for the study were from the Occupational 
Safety and Health Administration (OSHA) database from January 2000 to 
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August 2020. In analysing the data to identify trends in accident cases, 
frequency analysis was performed. Further, correlation analysis was performed 
to fi,nd the association between the factors and degree of injuries, and logistic 
regression was used to develop a fatality predictive model for diagnosing 
accidents and to aid in safety preparation and risk monitoring. One of their 
fi,ndings indicated that most of the fall accidents were among older workers. 
The researcher realized that their prediction model was able to correctly 
diagnose the degree of injury outcome by 77.7% based on selected predictors 
that caused the accident. 
 
     In a study conducted in Finland, Malin et al. *24+ investigated the differences 
in the factors associated with pedestrians suffering serious injuries or fatalities 
(MAIS3+) and the extent of their prevalence. The research examined accident 
data from 2014 to 2017, comprising all motor vehicle pedestrian accidents and 
exposure data from the 2016 national travel survey in Finland. The data 
included a total of 285 killed or seriously injured pedestrians involved in 281 
accidents. Factors analyzed included age, gender, and others. Additionally, 
between pedestrian serious injuries and fatalities, the differences observed 
were in the place of accident, area and municipal types, vehicle type, speed 
limit, road conditions, and lighting conditions. The chi-square test was 
employed to statistically analyse signifi,cant differences between factors and 
binomial regression models were applied to evaluate the relative contributions 
of relevant variables. It was further observed that for pedestrians who suffered 
serious injuries and fatalities, the rate of occurrence was fi,ve times higher for 
those aged 75 years and over, with males having approximately 40% higher 
rates than females. 
 
     Wang et al. *25+ applied an ordered logistic regression technique to assess 
the nexus between marine accident severity and corresponding contributory 
factors. The data used in the study were extracted from marine accident 
investigation reports obtained from different agencies. The data covers a period 
of 9 years from 2010–2019 of 1207 accidents involving a total of 1294 ships. 
Factors considered in the study covered areas related to the accident types, 
ship conditions, human elements, and environmental conditions such as 
fi,re/explosion, sinking, ship age, seafarer’s certifi,cate, sea experience, visibility, 
and water death, among others. The study revealed that there is a positive 
correlation between the severity level of marine-related accidents and sinking 
accidents, heavy seas, good visibility, strong current, strong wind, and/or being 
far away from the port. Furthermore, the level of severity is higher for ships 
that do not have complete or valid seafarers’ certifi,cates and/or are more than 
30 years old. Pearson correlation and covariance tests were employed for 
statistical analysis to identify the factors that covariate with other factors. 
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     Taylor et al. *26+ in their research studied the vulnerability of the aged to 
fi,re-related injury without cases of fatalities. Their study explored a dataset of 
279 accidental home-related fi,re injuries over 10 years in a period in 
Merseyside, England, from the UK Fire and Rescue Service between April 2011 
and April 2022. The study investigated the extent of vulnerability to risk factors 
associated with fi,re injuries, considering age groups, gender, alcohol 
consumption, deprivation, mobility, occupancy level, and while attempting to 
fi,ght fi,re. They reported that fi,re-related injuries were higher among older 
persons in single occupancy housing and in more deprived settings, with the 
main causes being cooking-related, smoking-related, or heating-related injuries. 
Frequency analysis and Spearman’s rank-order correlation coefficient for 
correlation analysis were used to analyze the patterns and trends based on the 
factors considered in the non-fatal fi,re injuries. 
 
2.1 Significance of the Work 

     It gives an insight into the complicated patterns of relations between age, 
injury, and mortality in the United States over the period from 2001 to 2020, 
using the comprehensive dataset of the CDC. The use of various methods of 
analysis in this research work helped to project specifi,cруз insights into the 
relationships among demographic variables concerning age, causes of injuries, 
and fatalities. It is through this understanding that targeted public health 
policies and interventions would be formulated to reduce the incidence of 
injuries and fatalities across different age groups. 
 
2.2 Contribution of the Work 

     The multi-faceted methodological approach for the research involves 
descriptive statistics, poison and negative binomial regression analysis and Chi-
square analysis for specifi,c hypotheses testing. Methods decode complex 
trends and relationships, demonstrating important associations between age 
groups and causes of injuries and deaths. The fi,ndings indicate that falls are one 
of the leading causes of both injuries and death. Injuries and death have most 
of their variability accounted for by age and causes. This research thus provides 
key evidence to policymakers, public health officials, and safety advocates for 
every age brackets in which to draft appropriate strategies and interventions to 
improve safety and reduce risk. 
 
 
 

3 METHODOLOGY 

     This section provides a detailed description of the dataset as well as the 
methods of analysis used in this study.. 
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3.1 Data Preparation or Variable Construction 

     To account for population differences across age groups and years, injury and 
death counts were converted into rates per 100,000 population. This was done 
by dividing the raw counts by age-group-specifi,c population estimates from the 
CDC and multiplying by 100,000. Additionally, a time variable (year) was 
included in all regression models to capture time trends and control for broader 
shifts over the 2001–2020 period, such as the rise in opioid-related injuries and 
deaths post-2010. 
 
Injury Rate = (Number of Injuries / Age hroup Population) × 100,000 
 
Death Rate = (Number of Deaths / Age hroup Population) × 100,000 
 
 
3.2 Description of the Research Data and Source 

     The dataset used for this study is secondary data consisting of various causes 
and the number of deaths and injuries on a yearly basis in the USA (2001 – 
2020) are created by the Centre for Disease and Control (CDC) USA. Causes of 
deaths/injuries include poisoning, falls, fi,re/burn, and so on. The number of 
deaths/injuries for each cause is grouped by various age ranges of the victims: 
<1 year, 1-4 years, and so on. 
 
3.3 Detailed Data Analysis 

     We used a combination of descriptive statistics, poisson regression analysis, 
negative binomial regression analysis and Chi-square analysis to analyze the 
data collected in this study. 
 
     Regression analysis is a statistical method that is used to investigate the 
connection between one or more independent variables and a dependent 
variable. This can be done in several different ways. This study will make use of 
regression analysis to investigate the relationship between age and cause of 
death (both of which are considered independent variables) and the number of 
deaths and injuries (which is considered the dependent variable). In this study, 
poisson and negative binomial regression analysis was used. 
 
 
3.3 Piosson Regression Model 

     Poisson regression is a type of regression analysis used to model count data, 
where the outcome variable represents the number of occurrences of an event 
within a fi,xed interval of time or space. It is particularly useful when dealing 
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with data that follow a Poisson distribution, which is a probability distribution 
commonly used to model counts of events over a fi,xed interval. In Poisson 
regression, it is assumed that the dependent variable Y, the number of 
occurrences of an event, has a Poisson distribution given the independent 
variables 𝑋1, 𝑋2, … , 𝑋𝑝. 

 

𝑃(𝑌 = 𝑦) =
𝑒−𝜇𝜇𝑦

𝑦!
, 𝑦 = 0,1,2                (1) 

 
where 𝐸(𝑌) = 𝜇  𝑎𝑛𝑑 𝑉𝑎𝑟(𝑌) = 𝜇 . This is called the equi-dispersion property 
of the Poisson distribution. The log of the mean μ is assumed to be a linear 
function of the independent variables, that is, 
 
𝐼𝑛𝜇 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝    (2) 

 
where 𝑌~𝑝(𝜇) or equivalently, 
 

𝜇 = 𝑒(𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽𝑝𝑋𝑝)                 (3) 
 
This is the model for analyzing count data.  
 
     Sometimes, the response may be in the form of events of a certain type that 
occur over time, space, or some other index of size. In this situation, it is often 
relevant to model the data as the rate at which events occur. When a response 
count Y has an index (such as population size) equal to t, the sample rate of 
occurrence is 𝑌/𝑡. The expected value for rate is 𝜇/𝑡. Thus, for analysis rate 
data, the model can be written as: 
 

𝐼𝑛 (
𝜇

𝑡
) = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝                 (4) 

 
This model has an equivalent representation as, 
 
𝐼𝑛 𝜇 − 𝐼𝑛 𝑡 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑝𝑋𝑝            (5) 

 
     The adjustment term −𝐼𝑛 𝑡, on the left-hand side of the equation is called an 
offset. Poisson regression is widely used in various fi,elds such as epidemiology, 
fi,nance, social sciences, and biology, where count data frequently occur. It is 
often employed when the response variable represents counts of events, such 
as the number of accidents at an intersection, the number of customer arrivals 
at a store, the number of defects in a manufacturing process, etc. 
 
 

Analytics on the Causal Factors Associated with Age, Injuries, and Fatalities in the USA (2001 – 2020) 

iJDASE |  Vol. 1 No. 1 (2025)                    International Journal of Data Analytics and Smart Education (iJDASE)     63

    



3.3.1 Estimation of Parameters Using Maximum Likelihood Estimation (MLE) 

     In Poisson regression, the model parameters are estimated using the 
Maximum Likelihood Estimation (MLE) method. This approach essentially asks 
the question: WWhat values of the regression coefficients would make the 
observed data most likely?W In other words, MLE helps us fi,nd the set of 
parameters that best explain the pattern in the data. The following section 
discusses how this estimation process works specifi,cally in the context of 
Poisson regression. Let 𝜇𝑖  be the mean of the ith response, for 𝑖 = 1,2, … , 𝑛. 
Since the mean response is assumed to be a function of a set of explanatory 
variables. 𝑋1, 𝑋2, . . , 𝑋𝑛, the notation 𝜇(𝑋𝑖 , 𝛽) is used to denote the function 
that relates to the mean response 𝜇𝑖  and 𝑋𝑖   where the explanatory variables 
for case i and the regression coefficients (β) are taken into account. Considering 
the Poisson regression model in the following form: 
 

𝜇𝑖 = 𝜇(𝑋𝑖 , 𝛽) = 𝑒(𝑋𝑖,𝛽)      (6) 
 
From Poisson distribution 
 

𝑃(𝑌, 𝛽) =
[𝜇(𝑋𝑖,𝛽)]𝑌𝑒−𝜇(𝑋𝑖,𝛽)

𝑌!
      (7) 

 
The likelihood function is denoted by 
 

𝐿(𝑌; 𝛽) = ∏ 𝑃(𝑌; 𝛽) = 𝐿(𝑌; 𝛽) = ∏
[𝜇(𝑋𝑖,𝛽)]𝑌𝑒−[(𝑋𝑖,𝛽)]

𝑌!

𝑁
𝑖=1

𝑁
𝑖=1   

 

𝐿(𝑌; 𝛽) =
{∏ [(𝜇(𝑋𝑖,𝛽))]

𝑌
𝑒

*− ∑ 𝜇(𝑋𝑖,𝛽)𝑁
𝑖=1 +𝑁

𝑖=1 }

∏ 𝑌!𝑁
𝑖=1

    (8) 

 
     The next step is to take the natural logarithm of the likelihood function 
described above. After that, we differentiate the resulting expression with 
respect to β, and then set the derivative equal to zero to fi,nd the estimates. 
This gives us the log-likelihood function, which is expressed as follows: 
 

𝐼𝑛𝐿(𝑌𝑖 , 𝛽) = ∑ [𝑌𝑖𝐼𝑛[𝜇(𝑋𝑖 , 𝛽)] − 𝜇(𝑋𝑖, 𝛽) − 𝐼𝑛(𝑌𝑖!)]𝑁
𝑖=1   (9) 

𝜕

𝜕𝛽
[𝐼𝑛𝐿(𝑌; 𝛽)] = 0 

 
3.4 Overdispersion Test 

     Poisson regression assumes equidispersion, meaning that the mean and 
variance of the outcome are expected to be roughly equal. However, in 
practice, this assumption is often not met. To check for this, we look at the 
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deviance divided by degrees of freedom (deviance/df) or the Pearson chi-
square divided by degrees of freedom (chi-square/df). If this value is greater 
than 1, it suggests overdispersion—the variance is larger than expected. If the 
value is less than 1, it points to underdispersion, where the variance is smaller 
than the mean. 
 
3.5 Negative Binomial Regression Model 

     The negative binomial regression model is developed by modifying the 
Poisson regression model in a way that allows for more flexibility in handling 
overdispersion. Specifi,cally, it is reformulated so that, 
 

𝐼𝑛𝜇 = 𝛽0 + 𝛽𝑖𝑋𝑖 + 𝜀𝑖  
 
The negative binomial regression distribution has the form: 
 

𝑃(𝑌 = 𝑦) =
Γ(1

𝛼⁄ + 𝑦)

Γ(1
𝛼⁄ )𝑦!

[
1

𝛼⁄

(1
𝛼⁄ ) + 𝜇

]

1
𝛼⁄

[
𝜇

(1
𝛼⁄ ) + 𝜇

]

𝑦

 

 
Where Γ(. ) is a gamma function. This results in the likelihood function. 
 

𝐿(𝑌𝑖) = ∏
Γ(1

𝛼⁄ + 𝑦)

Γ(1
𝛼⁄ )𝑦!

[
1

𝛼⁄

(1
𝛼⁄ ) + 𝜇

]

1
𝛼⁄

[
𝜇

(1
𝛼⁄ ) + 𝜇

]

𝑦𝑁

𝑖=1

 

 
     Maximum likelihood estimation is the method used to estimate the 
parameters in a negative binomial regression model. Just like in Poisson 
regression, the interpretation of the regression coefficients remains the same, 
they show how the expected count changes with each predictor variable. 
 
3.6 Chi Square Test 

     The Chi-square test is a statistical test that is used to determine whether or 
not there is a signifi,cant association or relationship between two categorical 
variables. This test is used to determine whether or not there is a signifi,cant 
association or relationship between two categorical variables. The chi-square 
test will be utilized in this research to analyze the correlation between age, 
which is one categorical variable, and the cause of death, which is another 
categorical variable. The purpose of this test is to assist in determining whether 
or not there are discernible differences in the pattern of causes of death across 
a variety of age groups. Calculating an observed chi-square statistic and 
comparing it to an expected distribution is what the chi-square test does. This 
comparison is based on the assumption that the variables are independent. If 

Analytics on the Causal Factors Associated with Age, Injuries, and Fatalities in the USA (2001 – 2020) 

iJDASE |  Vol. 1 No. 1 (2025)                    International Journal of Data Analytics and Smart Education (iJDASE)     65

    



the observed value of chi-square is higher than the critical value, this indicates 
that there is a signifi,cant association between the variables being studied. Data 
analysis was conducted using the SPSS Statistical Package (Version 28) and 
STATA  12. 
 
 

4 RESULTS AND DISCUSSION 

      This section presents the results of the descriptive statistics, poisson 
regression analysis, negative binomial regression analysis and Chi-square 
analysis to analyse this study. 
 
 

Table 1: Descriptive Statistics 

Variables Frequency Percentage 

Age group   

<1 years 50 10.2 

1-4 years 55 11.2 

5-9 years 21 4.3 

10-14 years 24 4.9 

15-24 years 45 9.2 

25-34 years 40 8.2 

35-44 years 42 8.6 

45-54 years 45 9.2 

55-64 years 42 8.6 

65-74 years 45 9.2 

75-84 years 40 8.2 

85+ years 40 8.2 

Causes of 
Deaths/Injuries 

  

Cut/pierce 1 0.2 

Fall 236 48.3 

Fire/Burn 43 8.8 

Other transport 31 6.3 

Poisoning 178 36.4 

 
Table 1 summarizes the descriptive statistics used. The sample consists of 489 
participants. Among the causes of deaths/injuries:  236(48.3%) were Fall, 178(36.4%) 
Poisoning, 43(8.8%) Fire/burn, 31(6.3%) Other transport and 1(0.2%) Cut/Pierce. The 
Age group consist of 55(11.2%) for 1-4 years, 50(10.2%) less than 1 year, 45(9.2%) for 
15-24, 45-54 and 65-74 years, 42(8.6%) for 35-44 and 55-64 years, 40(8.2%) for 25-34, 
75-84 and 85+ years, 24(4.9%) for 10-14 years and 21(4.3%) for 5-9 years. 
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Table 2: Result from Poisson Regression Analysis (using Injury rate, Agr group, causes 

and year) 
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Source: Personal Collection 
     To start with, Several age groups have statistically signifi,cant positive 
coefficients (p < 0.001), meaning these groups are associated with higher injury 
rates compared to the reference group. For example: Age group 6 has the 
highest positive coefficient (0.452), suggesting a strong association with higher 
injury rates.  Age group 12 shows a large negative coefficient (-1.566), indicating 
signifi,cantly lower injury rates than the reference. 
Besides, Cause 2 (likely a major external factor like WMotor VehicleW) has a very 
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strong positive effect on injury rates (coefficient = 2.60, p < 0.001). Cause 1 is 
not signifi,cant (p = 0.584), and Cause 4 is marginal (p = 0.095). Cause 5 also has 
a signifi,cant positive effect. 
Furthermore, all year variables are statistically signifi,cant (p < 0.01), with 
coefficients generally increasing over time. This indicates a positive trend in 
injury rates from 2001 to 2020, possibly reflecting broader societal changes, 
such as increased reporting or shifts in public health risk factors.  
Pearson chi²/df = 6188.43 / 455 ≈ 13.6 
Deviance chi²/df = 6061.29 / 455 ≈ 13.3 
These values are much greater than 1, indicating signifi,cant overdispersion in 
your model. This violates the core Poisson assumption that the mean equals 
the variance (see table 2) 
 
 

Table 3: Result from Negative Binomial Regression Analysis (using Injury rate, Agr 
group, causes and year) 
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Source: Personal Collection 
     All coefficients are interpreted relative to a reference age group (likely group 
2). Age groups 3–6 and 8 all have signifi,cant positive coefficients (p < 0.001), 
meaning they are associated with higher injury rates compared to the reference 
group. For example, Age group 6 has a coefficient of 0.73, suggesting it has the 
highest increase in injury rate. Age group 12 has a strong negative coefficient (-
1.68, p < 0.001), showing substantially lower injury rates than the reference. 
Age groups 1, 7, 9–11 are not statistically signifi,cant, implying no meaningful 
difference from the reference group in this dataset. 
 
Compared to the reference cause: Cause 2 has a very strong positive effect on 
injury rates (coefficient = 2.52, p < 0.001), suggesting it’s a major contributor—
likely motor vehicle accidents or another high-impact category. Cause 5 also has 
a signifi,cant positive association with injury rates. Cause 4 shows a signifi,cant 
negative effect, meaning it is associated with lower injury rates. Cause 1 is not 
signifi,cant (p = 0.711). 
 
Surprisingly, most year variables are not statistically signifi,cant in this model. 
While coefficients range from negative to slightly positive, none show strong 
evidence of a clear trend: Years 0–8 generally have small, negative but 
insignifi,cant coefficients. Year 15 has the highest coefficient (0.189), but it is not 
signifi,cant (p = 0.123). This contrasts with the Poisson model, where the year 
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had a signifi,cant upward trend—likely due to misfi,t from overdispersion. In the 
NBREh model, that trend disappears, suggesting the increase in injury rates 
over time may not be as strong or consistent when overdispersion is properly 
handled. The AIC and BIC are more lower than Poisson model which confi,rms 
the Negative Binomial model fi,ts the data better (see table 3). 
 
 
Table 4: Result from Poisson Regression Analysis (using Death rate, Agr group, causes 

and year) 
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Source: Personal Collection 
     Each age group is compared to a reference group (likely group 2). Most age 
groups have positive coefficients, suggesting higher death rates compared to 
the reference, but only a few are statistically signifi,cant: Age group 6 (coef = 
5.26, p = 0.046) and Age group 11 (coef = 5.34, p = 0.043) show signifi,cantly 
higher death rates. hroups like 4, 5, 8, and 10 are borderline (p-values between 
0.05 and 0.10), indicating weak evidence of increased death rates. Age groups 
1, 3, 7, 9, 12 are not signifi,cant, suggesting no clear difference from the 
reference group in those cases. 
 
Cause 4 is the only statistically signifi,cant variable (coef = -3.45, p = 0.012), and 
it’s negatively associated with death rate — suggesting this cause leads to lower 
fatal outcomes. Causes 1, 2, and 5 are not statistically signifi,cant, meaning they 
don't show a strong or consistent effect on death rate in this model. 
 
Most of the year variables are statistically signifi,cant and negative, indicating 
that death rates have generally decreased over time, especially in the earlier 
years: From 2001 (year 0) through 2013 (year 13), the coefficients are negative 
and statistically signifi,cant (p < 0.05), suggesting a steady decline in death rates. 
After 2013, the coefficients become smaller and non-signifi,cant, indicating that 
the downward trend may have leveled off in recent years. 
Pearson chi²/df = 308.98 / 455 ≈ 0.68 
 
Deviance chi²/df = 359.96 / 455 ≈ 0.79 
Both values are less than 1, suggesting underdispersion — a condition where 
the variance is lower than expected under the Poisson assumption. However, 
this is less problematic than overdispersion, and model fi,t remains acceptable 
(See table 4) 
 

Table 5: Chi-square Analysis (Association between age group and causes of 
injuries/deaths) 

Model Value df p 

Pearson Chi-square 211.373 44 <0.0001 

 
     From the table below, the Pearson chi-square shows that there is a 
signifi,cant association between the age group and the causes of injuries/deaths 
since the p-value (<0.0001) < 0.05 (Table 5).This means that the differences in 
death or injury counts across age groups are not due to chance, and age 
appears to play a key role in how injuries or deaths are distributed in the 
population. These fi,ndings highlight the importance of considering age-specifi,c 
factors when designing prevention or intervention strategies. 
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Table 6: Chi-square Analysis (Association between causes of deaths and number of 
deaths) 

Model Value df p 

Pearson Chi-square 1606.554 1492 0.020 

      
     From the tables below, the Pearson Chi-square shows that there is 
asignifi,cant association between the number of deaths and  the causes of 
deaths ( cut/pierce, fall, fi,re/burn, other transport, and poisoning) since the p-
value (0.020) < 0.05 (Table 6). This suggests that the number of deaths varies 
signifi,cantly depending on the cause, and the differences observed are unlikely 
to be due to random chance. Therefore, the cause of death appears to play a 
meaningful role in the distribution of death cases in the dataset. 
 
Table 7: Chi-square Analysis (Association between causes of injuries and number of 

injuries) 

Model Value df p 

Pearson Chi-square 1960 1956 0.470 

 
     Similarly, there is no signifi,cant association between the  number of injuries 
across the causes of injuries ( cut/pierce, fall, fi,re/burn, other transport, and 
poisoning) since the p-value (0.0470) > 0.05 (Table 7). This means that, within 
the data analyzed, the distribution of injuries does not differ signifi,cantly across 
causes. In other words, any differences observed in injury counts among causes 
of injuries are likely due to random variation rather than a meaningful pattern. 
 
Table 8: Chi-square Analysis (Association between age group and number of deaths) 

Model Value df p 

Pearson Chi-square 4358.5 4103 0.003 

 
     Besides, there is a signifi,cant association between the age group across the 
number of deaths (<1 year, 1-4 years, and so on) since the p-value (0.003) < 
0.05 (Table 8). This means that the number of deaths varies meaningfully across 
different age groups, and the differences observed are unlikely to be due to 
chance alone. In other words, age appears to be an important factor in the 
pattern of deaths in this dataset. 
 
Table 9: Chi-square Analysis (Association between age group and number of injuries) 

Model Value df p 

Pearson Chi-square 5390 5379 0.455 

 
     The result shows there is no signifi,cant association between the number of 
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injuries across age groups ( <1 year, 1-4 years, and so on) since the p-value 
(0.455) > 0.05 (Table 9). This suggests that, in this dataset, injuries are fairly 
evenly distributed across age groups, and any differences observed are likely 
due to chance rather than a meaningful pattern. 
      
     Finally, the multiple comparison test is performed to determine the pairs 
that make a signifi,cant contribution and those that do not (see  Appendix I). 
 
 

5 LIMITATIONS AND FUTURE RESEARCH 

     While this study offers important fi,ndings, it also faces certain limitations. 
The use of retrospective data from a single national source, the CDC, may not 
capture all contextual variables such as socioeconomic status, geographic 
variability, or access to healthcare that could influence injury and death 
patterns. Additionally, the study focused on broad categories like “fall” or 
“poisoning,” without breaking them down into more specifi,c subtypes or 
understanding behavioral and environmental influences. 
 
     For future research, incorporating more granular data and exploring 
additional explanatory variables like income levels, education, urban vs. rural 
settings, and healthcare access could yield even deeper insights. Longitudinal 
studies examining individual-level trajectories and international comparative 
analyses would further enrich understanding. Moreover, employing causal 
inference frameworks may strengthen the interpretation of observed 
associations and their policy relevance. Future studies could also explore how 
these patterns have shifted post-2020, particularly in the context of the COVID-
19 pandemic and its impact on public health behavior and healthcare access. 
 
 

6 CONCLUSION 

     This study set out to examine how age, cause of injury, and time influence 
injury and death rates in the United States over a 20-year period (2001–2020). 
Through the use of Poisson and Negative Binomial regression models paired 
with Chi-square analysis, we uncovered important patterns and associations. 
 
     The fi,ndings show that injury rates are signifi,cantly influenced by both age 
group and cause of injury, with certain age groups (notably group 6) and causes 
(like cause 2, possibly motor vehicle-related) consistently associated with 
higher injury rates. Over time, injury rates showed an increasing trend in the 
Poisson model; however, once we accounted for overdispersion using a 
Negative Binomial approach, the year effect became less prominent, suggesting 
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earlier trends may have been overstated. This adjustment strengthens the 
reliability of the analysis and highlights the importance of selecting appropriate 
statistical models when dealing with count data. 
 
     For death rates, the results revealed a different picture. While age still played 
a notable role with older age groups showing higher associations with fatal 
outcomes most causes of death were not signifi,cantly different from the 
reference category. Importantly, the year variable showed a consistent decline 
in death rates over time, especially in the earlier part of the study period, 
pointing to possible improvements in healthcare, prevention strategies, or 
reporting practices. 
 
     Taken together, the study highlights the need for age- and cause-specifi,c 
interventions in public health. Injury prevention efforts should focus on the age 
groups and causes that carry the greatest risk, while continuing to monitor and 
adapt strategies as trends evolve over time. These insights not only enhance 
our understanding of injury and death patterns but also provide a strong 
foundation for designing evidence-based policies that aim to reduce harm and 
save lives. 
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Appendix 1 

 

  Variable Categories 

Age group Categories Causes Categories Year Categories 

<1 year 1 Cut/Pierce 1 2001 0 

1-4 years 2 Fall 2 2002 1 

5-9 years 3 Fire/burn 3 2003 2 

10-14 years 4 Other transport 4 2004 3 

15-24 years 5 Poisoning 5 2005 4 

25-34 years 6     2006 5 

35-44 years 7     2007 6 

45-54 years 8     2008 7 

55-64 years 9     2009 8 

65-74 years 10     2010 9 

75-84 years 11     2011 10 

85+ years 12     2012 11 

        2013 12 

        2014 13 

        2015 14 

        2016 15 

        2017 16 

        2018 17 

        2019 18 

        2020 19 
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