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ABSTRACT
OF THE THESIS OF

Ghinwa Mohamad Abdallah for Master of Science in Biomedical Sciences
Major: Epidemiology

Title: Patterns, Trends and Profiles of Acute Poisoning and Predictors of Hospitalization
and Mortality in Prehospital EMS Records in a U.S. Based Dataset

Objectives: To describe the distribution of poisoning cases reported in the ESO
Collaborative dataset by sociodemographic factors and mechanisms of poisoning. To
investigate predictors associated with hospitalization and mortality among poisoned
patients treated in the pre-hospital EMS care.

Methods: A cross-sectional design, secondary data with a multimethod analysis
strategy. The ESO Data Collaborative records of the 2022 calendar year were used. It is
a de-identified prehospital EMS electronic health records containing more than 1,300
EMS agencies across the U.S. A sample of 5,278,986 poisoning cases was obtained.
Data management, cleaning, and analysis were performed using RStudio version
2025.05.0+496.

Results: The annual incidence of poisoning encounters during 2022 was 0.41 based on
the ESO dataset. The majority of encounters were adult males aged between 20 and 40
years old. There is an even distribution of poisoning cases over the day, with 3 peak
times at mid-day, afternoon, and late afternoon hours. 67.3% of poisoning encounters
were among the white race, and more than half of the cases (54.77%) occurred in the
southern region of the United States. The majority of cases (67.5%) were in urban areas;
however, rural areas had significantly more fatal poisoning, and super rural areas had
significantly higher severity of poisoning cases. Thematic content-analysis showed that
the majority of poisoning encounters were due to substance use, among substances,
opioids and alcohol were the most commonly used. Significant predictors of
hospitalization were an increase in weight, the Midwest and western geographical
regions, a super rural area, and having at least 1 impairment. Significant predictors of
mortality were older age, an increase in weight, female gender, the Midwest and south
geographical regions, rural area and having at least 1 impairment, and the patient being
unconscious.

Conclusion: Identified significant predictors in this study help in preventing future
poisoning-related hospitalizations and deaths by rapid prediction of severity (triage at
the prehospital level). In the aim of reducing the burden of poisoning, the integration of
prehospital EMS records with hospital records provides a comprehensive understanding
of patient disposition and clinical outcomes. Predictive modeling and machine learning
techniques can be used to facilitate the identification of high-risk patients using real-
time prehospital data.
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CHAPTER 1

INTRODUCTION

1.1. Background

Acute poisoning is a significant public health problem with a major global
burden of morbidity and mortality; it is the fifth leading cause of death in children under
five [1, 2]. Acute poisoning is defined as exposure to a toxic substance within less than
24 hours [3]. This substance can be injected, ingested, inhaled, or absorbed through the
Epidermis- the outermost layer of the skin. Poisoning can be accidental or intentional;
each type has its characteristics and depends on multiple underlying factors [4]. In terms
of intent and cause of poisoning, unintentional poisoning disproportionately impacts
infants and children under five years, with the majority of incidents occurring in
domestic settings [5, 6]. Intentional poisoning is more prevalent among adolescents and
adults, and it’s associated with self-harm and suicidal intent [7, 8]. The WHO estimated
84,278 global deaths caused by unintentional poisoning in 2019 and a loss of five

million disability-adjusted life-years (DALYSs) [9].

1.2.Patterns of Poisoning

Globally, patterns of poisoning vary between countries and within each country,
and are influenced by several factors, including socioeconomic status, geographic
location, and cultural and religious beliefs [7]. In the 2020 report by the Web Poison
Control, 52.9% of cases occurred in children younger than 4 years, 22.4% in 1-year-

olds, and 16.2% in 2-year-olds [10]. In a Polish study [11] assessing the patterns of



acute poisoning among children in urban vs. rural areas. It shows a similar direction as
global patterns in terms of poison distribution by age; the highest proportion (39.7%) of
acute poisoning was among infants under 5 years of age. A higher incidence (64.5%) of
poisoning cases was among children from urban areas, with male predominance in cases
of unintentional accidental poisoning. The most common cause of accidental poisoning
was household products among children under 5 years in rural areas [11]. On the other
hand, patterns of poisoning in adults differ in the intent and substance used from
children's poisoning cases. In a prospective study conducted in Oslo [12], 96.7% of
acute poisoning cases were adults >16 years old. The reported adult hospitalization rate
of all poisoning episodes was 31%. A significant proportion of the poisonings (95.9%)
were for the intent of self-poisoning. The most frequent substances used were
pharmaceutical agents: benzodiazepines and ethanol (18% and 17% respectively),
paracetamol (12%), opioids (7%), and gamma hydroxybutyric acid (GHB) (7%) [12].

In 2023, the incidence of reported poison exposures across all ages in the U.S.
was 623 cases per 100,000 population [13]. In the United States, data from the CDC
Childhood Injury Report showed that poisoning represents 5% of all fatal and 2% of the
non-fatal accidental injuries among children under the age of 19, with a fatal injury rate
estimated at 8 per million (Figure 1) and a non-fatal injury rate of 1680 per million
children [14]. The percentage of unintentional poisoning decreased with the increase in
age; it caused 99% of exposures in children under 5 years, 33% in adolescents, and 62%
in adults [10]. The poisoning mortality rate in the U.S. increased by 7% each year; the
period with the most significant increase was between 2013 and 2020 [15]. According to
the 41% Annual Report of the National Poison Data System® (NPDS) from America's

Poison Centers®, there is a decreasing trend by 1.58% per year in poisoning exposures



with mild outcomes since 2008, opposing the increase in exposures with more serious
outcomes (moderate, major, or death) by 4.25% per year since 2000 [16]. These trends
are consistent with data from previous years’ annual reports. The most common
substances involved in all human poisoning exposures were analgesics (11.00%),
household cleaning substances (7.12%), antidepressants (5.58%), and cosmetics/personal
care products (5.01%) [16]. Among children under 5 years, the top 5 substances
implicated in poisoning were detergents (10.1%), analgesics (9.13%), cosmetics and
personal care products (9.10%), foreign bodies/toys/miscellaneous (8.03%), and dietary
supplements/herbals/homeopathic (6.88%) [16]. The most frequent substances used
among adult poisoning cases were pain medications (analgesics), followed by
cardiovascular drugs, antidepressants, and sedatives/sleeping medications [10]. An
emerging form of poisoning among older adults (>75 years old) is the ingestion of the
Single Use Detergent Sacs (SUDs), which is causing a significant increase in poisoning
cases (>400%) between 2012 and 2020 [17]. The unintentional injury mortality rates due
to poisoning among children < 19 years from 2000 — 2005 was the highest in Alaska (2.1
deaths per 100,000 population), followed by Florida (1.5 deaths per 100,000 population),
Kentucky, Los Angeles, Maine, New Mexico and Pennsylvania (1.4 deaths per 100,000
population), Oklahoma (1.3 deaths per 100,000 population), and Arizona and Connecticut
(1.2 and 1.1 deaths per 100,000 population respectively) [14] [Figure 1]. These data
indicate a significant difference in poisoning mortality by state, hence the geographical
location may influence the outcome of poisoning or even increase the risk of poisoning
exposure. In the U.S., data reported to poison centers revealed that 77.2% of poisoning
exposures were accidental, 18.4% were intentional, and 2.5% were due to adverse drug

reactions across all age groups [10].



Overall Rate
0.8 per 100,000

* The injury death rate is suppressed
Data Source: CDC/NCHS, National Vital Statistics System if fewer than 20 deaths were reported

Figure 1: Unintentional Injury Death Rates Due to Poisoning Among Children 0 to 19
Years, by State, United States, 2000 — 2005
1.3.  Pre-hospital Emergency Medical System (EMS) and the Gap in the
Literature

Poisoned patients are initially treated in the pre-hospital setting with the
possibility of being transferred to a higher level of healthcare based on their condition
[18]. The Emergency Medical Services (EMS) serve as the first medical contact for
acutely poisoned, ill, or injured [19]. EMS is a prehospital system composed of well-
trained clinicians who respond to emergencies [19]. Despite its important role in the

initial response to poisoning incidents, there is limited understanding of poisoning
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patterns in prehospital care [20]. In Oslo, Norway, 62% of acute poisoning cases were
treated in ambulances, among whom the cause of poisoning was opiates in 70% of cases
[18]. More than half of poisoning cases who received treatment in pre-hospital settings
were discharged without the need to be transferred to a higher level of care [18].
However, evidence-based literature has a limited focus on patterns of poisoning cases
treated in pre-hospital settings in the United States. This study will be unique in

identifying profiles of acute poisoning in the EMS system in the U.S.

1.4. Predictors of Hospitalization Due to Poisoning

Evidence shows that some factors increase the risk of hospitalization
(Emergency Department or Hospital Admission) after being poisoned, whether it was
intentional or accidental poisoning. Most significant factors increasing the
hospitalization rate are grouped into 4 main domains: demographic, clinical, exposure-
related, and system-level factors [10, 13, 15, 16]. There are differences between age
groups in terms of intent of poisoning and the type of substance used. Demographic
differences are among children under 5 years who were most prone to be accidentally
poisoned, in contrast to adolescents and adults who were more at risk of intentional and
self-harm attempts. However, older adults who suffer from polypharmacy and
comorbidities are more likely to have adverse drug events [10, 14]. Moreover, females
are more susceptible to intentional self-inflicted poisoning, and males have more severe
outcomes of poisoning exposure [10]. Significant clinical factors increasing the severity
of poisoning and leading to hospital or ED admission were type of substance, dose,
multi-drug toxicity, delayed time to receiving care, underlying comorbidities, reduced

consciousness i.e.; Glasgow Coma Score GCS < 15, hypoxia or respiratory depression,
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hypotension or tachycardia, Lactate level (particularly with CO toxicity) [21], Gamma-
hydroxybutyric acid level, suicidal intention and the delay in anti-dote use in pre-
hospital care [16, 22]. Moreover, exposure-related factors, such as the intent of
poisoning, intentional poisoning cases had more severe outcomes in terms of hospital
admission and the need for more advanced treatment, such as gastric lavage. There is
significant evidence between geographical location and more serious poisoning events
[10, 14]. More complex factors are those related to the system-level, such as EMS
response time, disproportionate distribution of health facilities over the geographic area
(rural vs. urban), parental health literacy, particularly in pediatric accidental poisoning,
and the unavailability of poison centers. These system-level factors were associated

with increased hospitalization and mortality due to poisoning [23].

1.5. Rationale and Aim

Based on the comprehensive evidence review, there is a strong need for pre-
hospital medical toxicology information to manage the rapid acceleration of severe
outcomes and mortalities due to poisoning (>400% increase since 2008) [16]. A large
dataset with pre-hospital calls due to poisoning will be used to identify variables of
significant association with the main outcome (Disposition at ED and Hospital level); to
determine the predictors of hospitalization and fatality of poisoning; and to use these
findings to investigate the possibility of developing a predictive tool that can assume if
the patient will be a high-risk severity patient (high acuity) and need further hospital
transport. This tool will facilitate the efficient triage of acutely poisoned patients based
on the severity of their condition, hence optimizing time management and improving

patient outcomes. In this study, we aim to describe the patterns of poisoning in pre-
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hospital settings and identify significant indicators for hospitalization among those who

are acutely poisoned.

1.6. Objectives
- To describe the distribution of poisoning cases reported in the ESO
Collaborative dataset by sociodemographic factors and mechanisms of
poisoning.
- To investigate predictors associated with hospitalization and mortality among

poisoned patients treated in the pre-hospital EMS care.

1.7. Research Questions
- What are the patterns of poisoning cases in the United States treated in pre-
hospital settings?
- What are the predictors associated with hospitalization due to poisoning post-EMS
treatment in the US?
- How has the fatality/severity of poisoning encounters been affected by receiving

EMS treatment in the US?
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CHAPTER 2

METHODOLOGY

2.1. Study Design

This study is a cross-sectional design using a multimethod analysis approach
performed using the ESO (Electronic Software for Emergency Services) Data
Collaborative, which comprises de-identified prehospital electronic health records from
over 2,600 participating EMS agencies in the US. Data collected during the 2022
calendar year were analyzed to understand the profiles of poisoning and the predictors

of hospitalization and mortality due to poisoning in a prehospital EMS dataset.

2.2. Data Source

The ESO Data Collaborative was founded by Chris Dille in 2004 after his
recognition that something wasn’t right within the emergency response system [24]. In
particular, the prehospital system was not receiving feedback about its medical
intervention from hospitals and emergency departments. Mr. Dille’s initiative in closing
the feedback loop of patients’ medical progress has developed over the years to achieve
240 million 911 calls in 2023 [24]. Leading in a bidirectional exchange of data between
hospitals and EMS to facilitate decision-making in an emergency setting. The ESO data
has more than 12.5 million encounters from 3,035 agencies in 2024 and more than 11
million encounters from 2,600 agencies in 2022 [25]. In this study, we analyzed data
documented during 2022, as it was the most recent completed data recorded in the
dataset. The ESO serves diverse types of communities such as rural, urban, interfacility,

hospital-based EMS, and community paramedicine [25]. The prehospital care that the
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ESO covers is composed of four main types: the 911 emergency response, interfacility
transport (IFT), critical care transport, and mobile integrated healthcare (MIH) transport

[25].

2.3. Study Population and Inclusion Criteria

A subset was sampled based on the unique values of the string variable “primary
impression”; values that described or related to poisoning due to any cause were
included. After obtaining a sample of 5,278,986 poisoning cases, data management and
cleaning were performed. Variables were checked for meeting the normality
assumptions through four methods: histogram, boxplot, QQ plot and QQ line, and
Skewness test. Median was used to report variables that didn’t meet the assumptions of
normality and showed significant skewness. Given that the assumptions of normality
were met, means with standard deviation were reported to describe the patterns of
poisoning in the ESO dataset during 2022.

The type of poisoning was examined using the primary and secondary
impressions, primary injury, and injury detail variables. A thematic analysis was
conducted to identify each type of poisoning based on the causative agent used. This
qualitative content analysis allowed a better understanding of the agents used to cause
intoxication among the study participants, substantially identifying the most common
agents leading to poisoning. An in-depth analysis was conducted to examine the

variation of poisoning figures by age, gender, and geographical location.
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2.4. Study Outcome Variable

The “edcat” and “hospcat” variables were used to create the outcome variable
named “outcome disposition,” which consists of 4 levels: discharged before
hospitalization coded as 1, hospitalized then discharged home coded as 2, hospitalized
then referred to medical facility coded as 3, death coded as 4. This multinomial variable
will be used as the primary and secondary outcomes, i.e., determinants of
hospitalization as the primary outcome and predictors of mortality as the secondary
outcome.

A multinomial logistic regression analysis was performed to determine the
associations between determinants of hospitalization, followed by an adjusted logistic
model consisting of the significantly associated variables. The secondary outcome is
death due to poisoning; both unadjusted and adjusted multinomial logistic regression
models were performed to check for the significant predictors of death due to poisoning.
Mortality at any time point, whether pre-hospital, in the ED, or in the hospital, was
captured by remodeling the variables in the dataset to a new multinomial variable
(outcome_disposition). The secondary outcome is mortality due to poisoning, used to
detect the burden of poisoning in the US during 2022. Sub-analysis of the distribution of
poisoning burden among age, gender, and geographical location is performed.

The mean arterial pressure (MAP) was computed by using the available
variables, systolic blood pressure (SBP), and diastolic blood pressure (DBP) in the
dataset. The REMS (0-26) was calculated using age and prehospital values for pulse
rate, respiratory rate, oxygen saturation (SpO2), MAP, and total Glasgow Coma Scale

to predict hospitalization risk. A comparison between the AUC-ROC of RTS and
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REMS is performed to determine which measure was superior in predicting the
hospitalization of poisoned patients.
2.5. Study Predictor Variables

The independent variables in the study are patient sociodemographic variables
like age, gender, race, geographical region and urbanicity of the area; prehospital
factors like the instructions being received by patient or people on scene before EMS
arrival, patient conscious status and the availability of any impairment condition (vision,
speech, hearing, physical, mental, etc.); prehospital vital signs like SBP, DBP, pulse
rate, respiratory rate (RR), oxygen saturation (SPO2), end tidal carbon dioxide (EtCO2),
carbon monoxide (CO), glucose level, temperature (in Fahrenheit), pain scale, Glasgow
coma score (GCS), revised trauma score (RTS) and rapid emergency medicine score
(REMYS); and prehospital intervention variables like respiratory support, intravenous

(IV) support and medications.

2.6. Statistical Analysis
Data management and statistical analyses were conducted using RStudio version

2025.05.0+496.

2.6.1. Descriptive Statistics

Descriptive statistics were reported as mean and standard deviation for normally
distributed continuous variables and median for skewed variables; categorical variables
were reported by valid percentage and 95% CI.

Several models were built based on the clinical relevance of the independent

predictors in the study. Model 1 is based on patient sociodemographic variables, model
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2 consists of prehospital factors, model 3 consists of prehospital vital signs, model 4
includes prehospital intervention variables, and model 5 is a fully adjusted model of all

predictors in the previous four models.

2.6.2. Multinomial Logistic Regression

Unadjusted multinomial logistic regression analysis between the dependent
variable “outcome_disposition” and each predictor was performed, and odds ratios with
corresponding 95%Cls and p-values were reported. Then, the adjusted multinomial
logistic regression analysis between the main outcome “outcome_disposition” and the
predictors of models 1, 2, 3, 4, and 5 was performed, adjusted odds ratios with their

corresponding 95%Cls and p-values were reported.
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CHAPTER 3

RESULTS

3.1. Thematic Analysis of the Primary Impression

A qualitative content analysis was conducted on the “primary impression”
variable to identify unique values related to poisoning cases presented in the ESO 2022
dataset. A thematic analysis was conducted to identify each type of poisoning based on
the causative agent used. The identified values were then grouped into five categories
based on their clinical relevance. These categories illustrated in figure 2 are “Substance
Use” based on the terms overdose, poisoning, substance, alcohol and opioid; “Mental
Health” based on the terms suicide, psychiatric, mental, and depression; ‘“Neurological”
based on the terms seizure, unconscious, delirium, and stroke; “Respiratory” based on
terms like smoke inhalation and dyspnea; “Trauma” based on terms like injury,
laceration and trauma.

This qualitative content analysis allowed a better understanding of the agents
used to cause intoxication among the study participants, substantially identifying the
most common agents leading to poisoning, summarized in 7able 1. More than half of
the poisoning cases were caused by substance use like opioids, alcohol, drugs, heroin,
narcotics, benzodiazepines, cannabis, etc. An in-depth analysis was conducted to
examine the variation of poisoning figures by age, illustrated in Figure 3.

The distribution of poisoning incidents by time during the day (using a 24-hour

format) was illustrated in Figure 4 to capture any time-trend-related pattern.
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Distribution of Poisoning-Related Categories

Mental Health 400,000

Neurological 1,700,000

Other/Unspecified 500,000

Respiratory 100,000

Substance Use/Poisoning 3,100,000
Trauma
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Count le6

Figure 2: Thematic -Qualitative Content- Analysis Of “Primary Impression” Of Poison-
Related Cases in the ESO Dataset During 2022

Table 1: Poisoning Related Values Reported in the Primary Impression (Causes,
Mechanism, Intent, And Type of Poisoning) In the ESO Dataset During 2022

%?* (n)
Poisoning due to any substance (%yes) * 57.18 (3018755)
Unknown/unspecified substance 32.52 (997860)
Opioid 22.39 (687210)
Alcohol 16.97 (520819)
Drug ingestion 10.27 (315248)
Heroin 8.45 (259115)
Benzodiazepine 1.80 (55239)
Synthetic narcotics 1.36 (41763)
Amphetamine 0.61 (18625)
Acetaminophen 0.61 (18625)
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Cocaine 0.67 (20812)

Cannabis 0.52 (15925)
Synthetic marijuana 0.27 (8526)
Methadone 0.21 (6524)
Hallucinogens 0.19 (5882)
Carbon Monoxide poisoning 0.61 (18913)
Inhalation of toxic chemicals, gases, fumes, 2.21(67919)

and vapors/smoke inhalation

Contact with a venomous plant or animal 0.29 (8921)

The intent of poisoning

intentional 45.73 (2414100)

accidental 54.27 (2864886)

¥Valid percentage reported
*overall%

Distribution of Poisoning Cases by Age
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Figure 3: Distribution of Poisoning Incidents by Age in Years
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Poisoning Incidents by Hour of Day
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Figure 4: Distribution of Poisoning Incidents by the Time During the Day (Using 24-
Hour Format)

3.2. Descriptive Statistics

The average age of poisoning incidents reported in the 2022 prehospital ESO
dataset was 47.13 years, 95%CI [47.11, 47.14] Table 2. Nearly two-thirds of poisoned
patients were males (62.7% males 95%CI [62.65, 62.73], 37.2% females 95%CI [37.2,
37.3]). The mean weight of males was 86.05 kg, 95%CI [86.03, 86.08], and the mean
weight of females was 77.5 kg, 95%CI [77.46, 77.55]. The majority of patients were
white (67.3%, and 95%CI [67.26, 67.34]), 13.49% were Black or African Americans,
11.28% were Hispanic or Latino, and 1.16% were of another race, i.e., Asian, American
Indian, Alaskan Native, and Pacific Islander. The distribution of poisoning cases was
concentrated in the southern region of the United States (54.77% and 95%CI [54.73,
54.81]), 21.61% (95%CI [21.58, 21.65]) of cases were reported in the Midwest region,
8.18% (95%CI [8.16, 8.21]) of cases were in the northeastern region, and 7.68%
(95%CI [7.66, 7.71]) of cases were in the western region of the United States. Among

the poisoned cases, 67.47% (95%CI [67.43, 67.52]) were from urban areas, 28.49%
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(95%CI [28.46, 28.53]) were from rural areas, and 3.99% (95%CI [3.97, 4.01]) were
from super rural areas.

The average time from Public Safety Answer Point (PSAP) call to transfer to
EMS was 64.31 minutes and 95%CI [64.28, 64.34]; and the average loaded mileage was
17.6 miles and 95%CI [17.58, 17.64]. Prehospital factors were identified in Table 3.1,
only 33.51% (95%CI [33.42, 33.61]) of cases received prearrival instructions, and only
4.12% (95%CI [3.9, 4.2]) had at least one type of impairment. Nearly half of the cases
were unconscious at the time of arrival at the scene (42.9% and 95%CI [42.90, 42.91]).

Moreover, a comparison between the REMS and RTS in their capability of
predicting the risk of hospitalization was illustrated in the Receiver Operating
Characteristic (ROC) curves in Figure 5.

The prehospital vital signs are summarized in Table 3.2, 82.78% (95%CI [82.75,
82.81]) of cases had abnormal or extreme abnormal vital signs. The vital signs are
measured in a prehospital setting after the transfer to EMS; only 0.78% of the cases had
their vitals measured before arrival at the scene.

Patients' disposition at the level of the EMS, ED, and hospital is illustrated in
Figure 6 and summarized in Table 4. The combination of ED and hospital disposition of
poisoning cases in the prehospital ESO dataset during 2022 was created to be the
dependent variable in the multinomial logistic regression analysis and the main outcome
in the study.

Prehospital interventions given to poisoned cases in the Prehospital ESO Dataset
during 2022 were recorded in 7able 5. Although a minor proportion of poisoned
encounters needed a field care intervention before the arrival to EMS as illustrated in

figure 7 (Respiratory support treatment given to only 10.98% of cases, IV support
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treatment provided to 9.15% of cases, and medications treatment administered to
11.29% of cases), more than half of cases treated with field care respiratory support had
improved respiratory function (55.05% and 95%CI [55.00, 55.10]), and 85.43% (95%CI
[85.39, 85.46]) of cases who received IV support had improved response to therapy and
43.49% (95%CI [43.45, 43.54]) of patients who received medications had improved

outcomes after receiving the medications.

3.3. Multinomial Logistic Regression

The regression was conducted in separate models based on the clinical relevance
of the variables, and then the fully adjusted model was computed. Model 1 contained
the sociodemographic factors, model 2 included the prehospital factors, model 3
included prehospital vital signs, model 4 included prehospital intervention variables,

and model 5 is a fully adjusted model of all predictors in the 4 previous models.

3.3.1. Model 1: Sociodemographic Factors

For every 1-year increase in age, the odds of being hospitalized then discharged
is on average 45% significantly lower than being discharged before hospitalization (OR
=0.55 and 95%CI [0.55, 0.56]), and the odds of being hospitalized then transferred to
another health center is 87% significantly lower than being discharged before
hospitalization (OR = 0.13 and 95%CI [0.12, 0.13]), and the odds of dying is 95.4%
significantly lower than being discharged before hospitalization (OR = 0.046 and
95%CI[0.045, 0.047]). On average, the increase in weight by 1Kg had 17%
significantly lower the odds of getting hospitalized then discharged home as compared

to being discharged before hospitalization (OR = 0.83 and 95%CI [0.81, 0.84]), and
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74% lower the odds of getting hospitalized then transferred to another health center
versus being discharged before hospitalization (OR = 0.26 and 95%CI [0.25, 0.27]), and
95.2% lower the odds of dying versus being discharged before hospitalization (OR =
0.048 and 95%CI [0.047, 0.049]).

Females had higher odds than males in getting hospitalized then discharged
home versus being discharged before hospitalization (OR = 1.07 and 95%CI [1.06,
1.08]); However, females had lower odds than males in getting hospitalized then
discharged to another healthcare center (indicating a more severe case) or death as
compared to those who were discharged before hospitalization (OR = 0.34 and 95%CI
[0.33, 0.34] and OR = 0.35 and 95%CI [0.34, 0.35] respectively) Table 6. Regionally,
the West of the United States had the highest odds in terms of all outcomes as compared
to being discharged before hospitalization (OR = 2.87 and 95%CI [2.81, 2.94], OR =
6.13 and 95%CI [5.90, 6.37], and OR = 1.41 and 95%CI [1.35, 1.45]) Table 6. Rural
and super rural areas had nearly five times higher odds than urban areas of getting
hospitalized and then discharged to an HC compared to being discharged before
hospitalization (OR = 5.38 and 95%CI [5.29, 5.47] and OR = 5.83 and 95%CI [5.73,
5.93] for rural and super rural, respectively).

Adjusting for all the sociodemographic variables in model 1, every increase in
weight by 1 Kg is significantly associated with more than triple the odds (OR = 3.31
and 95%CI [3.11, 3.51]) of having fatal poisoning compared to those who get
discharged before hospitalization. Black and other races had double the odds of having
fatal poisoning in comparison to the white race (aOR =2.01 and 95%CI [1.89, 2.13] and
aOR = 2.35 and 95%CI [2.28, 2.43] for black and other races, respectively). Living in

the west and south regions of the U.S., residing in a rural and super rural area, being
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from a black or other race, being a female, and an increase in weight are the most
significant factors of fatal poisoning.

The most prominent predictors of hospitalization among sociodemographic
factors are being of Asian or American Indian Alaskan native or Pacific Islander racial
group, residing in west region of the United States followed by Midwest region then
Southern region (OR =5.53, 2.96 and 2.61 for West, Midwest and South respectively)
and residing in a super rural area had more than twice the odds of being hospitalized in
comparison to urban area (OR = 2.43 and 95%CI [2.29, 2.58]).

The significant predictors of mortality identified in model 1 are living in the

western or southern regions and residing in a super rural area.

3.3.2. Model 2: Prehospital Factors

Patients who needed medical instructions before the arrival of the EMS services
had significantly increased odds of admission to a hospital by 63.74 times compared to
those who were treated and discharged before hospitalization. Moreover, patients who
had at least one impairment had their odds increased by 3.48-fold of getting hospitalized
and then transferred to a healthcare center as compared to patients who were discharged
before hospitalization.

After adjusting for prehospital factors in model 2, the most significant markers
of severity are the need to receive instructions prior to EMS arrival (OR =4.83 and
95%CI [4.44, 5.25]), the patient being unconscious (OR = 50.07 and 10.53 for
comparing hospitalization vs discharge before hospitalization and hospitalization then
transfer to HC vs discharge before hospitalization respectively), and having any type of

impairment (OR = 4.14, 95%CI [ 3.82, 4.48]).
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3.3.3. Model 3: Prehospital Vital Signs

Having any abnormal or extreme abnormal vital sign had 2.16 times higher the
odds of getting hospitalized then transferred to a medical facility vs. discharged before
hospitalization as compared to those who didn’t receive instructions prior to EMS

arrival.

3.3.4. Model 4: Prehospital Interventions

Patients who had improved response to respiratory intervention have 1.9 times
higher odds of needing hospitalization then transfer to a longer time HC vs being
discharged before hospitalization as compared to patients who didn’t have improved
response to respiratory intervention. Similarly, patients who received IV treatment
before arrival to EMS were at 2.22 times higher odds of getting hospitalized then
transferred to a HC vs being discharged before hospitalization, as compared to patients
who didn’t receive IV treatment before arrival to EMS. Moreover, patients who had
improved response to Intravenous (IV) intervention have 1.56 times higher odds of
getting hospitalized then discharged home vs being discharged before hospitalization as
compared to patients who didn’t have improved response to IV intervention. Patients
who had improved response to medication intervention have 2.02 times higher odds of
getting hospitalized then transferred to an HC vs being discharged before
hospitalization, as compared to patients who didn’t have improved response to
medication intervention. Patients who had improved response to IV intervention have
1.64 times higher odds of dying vs being discharged before hospitalization as compared

to patients who didn’t have improved response to IV intervention. Patients who had
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improved response to medication intervention have 5.77 times higher odds of dying vs
being discharged before hospitalization as compared to patients who didn’t have
improved response to medication intervention.

After adjusting for covariates in model 4, significant predictors of severity are
the need to receive respiratory and medication interventions prior to EMS arrival to the

scenc.

3.3.5. Model 5: Fully Adjusted Model

After adjusting for all the covariates in all 4 models, the significant predictors of
hospitalization due to poisoning are increased weight, female gender, black race, living
in West and Midwest regions, residing in a super rural area, having any type of
impairment, having any abnormal or extreme abnormal vital sign, receiving respiratory
treatment prior to EMS arrival and have improved response to respiratory intervention,
receiving IV treatment prior to EMS arrival and have improved response to IV
intervention, and receiving medications prior to EMS arrival.

After adjusting for all the covariates in all 4 models, the significant predictors of
mortality due to poisoning are increased weight, female gender, living in Midwest and
South region, residing in a rural area, being unconscious, having any impairment,
having any abnormal or extreme abnormal vital sign, having improved response to IV
intervention, receiving medications prior to EMS arrival and having improved response
to medications received in the prehospital level.

An illustrative comparison is summarized in Tables 8 and 9; these tables show
the different predictors of hospitalization and mortality due to poisoning and the

significant markers of severity identified in the ESO dataset during 2022.
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Table 2: Descriptive Statistics for Poisoning as Primary Impression in the Prehospital
ESO Dataset During 2022 (N = 5,278,986 Observations)

Patient sociodemographic Valid % 95% CI % Missing
Age (in years) * 47.13 +£20.46 [47.11,47.14] 0.06
Gender 0.1
Male 62.7 [62.65, 62.73]

Female 37.2 [37.2,37.3]

Weight (kg)

Males 86.05 +24.75 [86.03, 86.08] 11.07%
Females 77.5+28.56 [77.46, 77.55] 6.86%
Race 0.067
White 67.3 [67.26, 67.34]

Black or African American 13.49 [13.46, 13.52]

Hispanic or Latino 11.28 [11.25, 11.31]

Other* 1.16 [1.15,1.17]

Geographical Region 0.0032
South 54.77 [54.73, 54.81]

Midwest 21.61 [21.58,21.65]

Northeast 8.18 [8.16, 8.21]

West 7.68 [7.66,7.71]

Urbanicity 0.029
Urban 67.47 [67.43, 67.52]

Rural 28.49 [28.46, 28.53]
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Super rural (in terms of distance 3.99 [3.97,4.01]

from an urban area)

*For continuous variables age and weight, we used the mean and standard deviation. *Other race is Asian

+ American Indian, Alaska Native + Pacific Islander.

Table 3: Profiles of Poisoning as Primary Impression in the Prehospital ESO Dataset
During 2022 (N = 5,278,986 Observations)

Mean + SD Median 95% CI Missing %
Valid %

Travel time-related factors
Transfer to EMS Time 64.31 +£22.69 62.6 [64.28, 64.34] 52.3
(minutes)
(From PSAPS® call to arrival to
EMS)
Loaded Mileage (miles) 17.6 +£29.76 7.8 [17.58, 17.64] 9.93
Prehospital factors (% yes)
Prearrival instructions 33.51 [33.42,33.61] 4.09
received
Any impairment 4.12 [3.9, 4] 0
Unconscious 42.9 [42.90, 42.91] 1.5

SPSAP is Public Safety Answer Point, which is the unit that answers 911 calls, and in turn activates an

emergency sequence including EMS, police, other specialized centers based on the case.

Table 4: Prehospital Vital Signs for Poisoning Cases in the Prehospital ESO Dataset
During 2022 (N = 5,278,986 Observations)

Valid % 95% CI
Vital signs measured prior to arrival
of EMS to scene - %yes (n) 0.73 [0.72,0.74]
Systolic Blood Pressure
Y —
o Normal (90 — 120 mmHe) 30.85 [30.79, 30.91]
0, _ —
% Abnormal (70 — 90 & 120 — 140 30 44 [32.38,32.51]

mmHg)
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% Extreme abnormal (<70 & >140

e 36.7 [36.64,36.76]
Diastolic Blood Pressure

o —

% Normal (60 — 80 mmHg) 38.81 [38.75, 38.87]
% Abnormal (40 — 60 & 80— 120

mmHg) 52.99 [52.93, 53.06]
o

% Extreme abnormal (<40 & >120 318 [8.15, 8.22]
mmHg)

Pulse Rate

o —

% Normal (60 — 100 bpm) 44.29 [44.25, 44.34]
V) — _

% Abnormal (40 — 60 & 100 — 140 bpm) 42.55 [42.51, 42.59]
% Extreme abnormal (<40 & >140 bpm) 13.14 [13.11, 13.17]
Respiratory Rate

V) —

% Normal (12 — 20 bpm) 56.68 [56.63, 56.73]
o — —

% Abnormal (8 — 12 & 20 — 30 bpm) 2951 [29.47,29.56]
% Extreme abnormal (<8 & >30 bpm) 13.79 [13.76, 13.83]
Sp02

0 _ )

% Normal (90 — 100 %) 80.85 [80.81, 80.89]
0 _ 0

% Abnormal (80 — 90 %) 9.78 [9.75, 9.81]
% Extreme abnormal (<80 %) 935 [9.32, 9.38]
End Tidal CO2

V) —

% Normal (35 — 45 mmHg) 3223 [32.17, 32.29]
% Abnormal (10 — 35 & 45— 100

mmHg) 62.10 [62.04, 62.16]
o

% Extreme abnormal (<10 & >100 5.66 [5.63, 5.69]
mmHg)

Carbon monoxide

0 o

% Normal (<6 %) 73.16 [72.63,73.69]
0 _ V]

% Abnormal (6 — 20 %) 26.01 [26.49, 26.53]
% Extreme abnormal (>20 %) 0.82 [0.71, 0.93]
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Glucose

% Normal (70 — 100 mg/dl)

14.65 [14.54, 14.75]
% Abnormal (50 — 70 & 100 — 200
mg/dl) 59.75 [59.61, 59.89]
:ﬁgl;éclt)reme abnormal (<50 & >200 2559 [25.46, 25.72]
Temperature ('F)
% Normal (97 - 99) 73.48 [73.28, 73.68]
% Abnormal (95 — 97 & 99 — 105) 18.92 [18.74, 19.09]
% Extreme abnormal (<95 & >105) 759 [7.47,7.71]
Pain scale (0 — 10)
% Normal (0 - 3) 92.66 [92.61,92.71]
% Abnormal (4 — 6) 5.14 [5.10, 5.18]
% Extreme abnormal (>7) 219 [2.16, 2.22]
Glasgow Coma Score (3 —15)
% Normal (10 — 15) 36.91 [36.85, 36.98]
% Abnormal (7 — 10) 772 [7.69, 7.76]
% Extreme abnormal (<7) 5535 [55.28, 55.42]
Revised Trauma Score (0 — 12)
% Normal (7 - 12) 91.42 [91.37,91.46]
% Abnormal (4 —7) 785 [7.81, 7.90]
% Extreme abnormal (<4) 0.72 [0.71, 0.73]
Rapid Emergency Medicine Score (0 —26)
% Normal (<6) 56.97 [56.89, 57.05]
% Abnormal (6 — 13) 40.28 [40.19, 40.36]
% Extreme abnormal (>13) 2.74 [2.71,2.77]
Any abnormal or extreme abnormal vital sign
No 17.22 [17.19, 17.25]
Yes 82.78 [82.75, 82.81]
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Figure 5: Comparison of the Receiver Operating Characteristic (ROC) Curves of REMS
and RTS in Predicting Hospitalization

Table 5: Multi-level Disposition of Poisoning Cases in the Prehospital ESO Dataset
During 2022 (N = 5,278,986 Observations)

Valid % Median 95% CI

Mean £+ SD
Prehospital Disposition
Treated successfully by EMS 1.92 [1.91, 1.93]
Transported to ED 96.14 [96.12, 96.16]
Patient dead on scene 1.93 [1.92,1.94]
Average Length of ED stay 495 £ 604 [493, 496]
(minutes)
ED Disposition
Admitted to the hospital 55.68 [55.60, 55.77]
Treated and discharged 26.05 [25.98, 26.13]
immediately (home)
Died in the ED 3.15 [3.12,3.18]
Transferred to another HC 2.23 [2.21, 2.25]
Referred to Hospice 0.013 [0.011, 0.015]
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Still in ED 0.0062

[0.0049, 0.0075]

Average length of hospital stays 5.89 £5.69 3.92 [5.87,5.90]
(days)

Hospital Disposition

(Among those who were admitted, N=757,691)

Discharged 32.20 [32.12, 32.28]
Transferred to another HC 9.05 [9.01,9.10]
Died in the hospital 8.49 [8.44, 8.54]
Referred to Hospice 0.85 [0.83, 0.86]
Still in hospital (inpatient) 0.53 [0.52, 0.54]

Outcome of both ED and Hospital Disposition

Discharged before hospitalization 31.55
Hospitalized then discharged 38.99
Hospitalized and medical follow 15.34
Death 14.11

[31.46, 31.64]
[38.91, 39.08]
[15.28, 15.41]

[14.04, 14.16]
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Figure 6: Flowchart of the Valid % of Poisoning Cases Over Time, Prehospital Care,
ED, and Hospital Disposition

Table 6: Prehospital Interventions Given to Poisoned Cases in the Prehospital ESO
Dataset During 2022 (N = 5,278,986 Observations)

Valid % 95%ClI
Respiratory Support (% yes)
Treatment Received Prior to Arrival 10.98 [10.95, 11.02]
Patient Response to Respiratory Support
Improved” 55.05 [55.00, 55.10]
IV Support (%yes)
Treatment Received Prior to Arrival 9.15 [9.12,9.18]
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Patient Response to IV support

Improved” 85.43 [85.39, 85.46]
Medications
Treatment Received Prior to Arrival (%yes) 11.29 [11.26, 11.32]

Patient Response to Medications

Improved” 43.49 [43.45,43.54]

“Patient response (in all interventions given) constitutes of improved, unchanged or worsened;
the reported improved valid % is complemented by the % unchanged and worse.

Valid %
90 85.43
80
70
60 55.05
50 43.49
40
30
20 10.98 11.29
: 9.15 .
Il . ]
0
Respiratory Support (% Patient Response to IV Support (%yes)  Patient Response to IV Medications - Patient Response to
yes) Treatment respiratory support- Treatment Received  support Improved*  Treatment Received medications -
Received Prior to Improved* Prior to Arrival Prior to Arrival (%yes) Improved*

Arrival

Figure 7: Field Care Interventions Administered to Poisoned Patients and Patient
Response to Such Interventions in the Prehospital ESO Dataset During 2022 (N =
5,278,986 Observations)

Model 1: Sociodemographic variables vs. outcome (treated or discharged before

hospitalization, hospitalized then discharged home, hospitalized then transferred to a

medical facility, death)

Table 7: Unadjusted Multinomial Logistic Regression of Model 1 Vs the Outcome of
Both ED and Hospital Disposition

OR 95% CI OR 95% CI OR 95%  p-value
(Hospitalized (Hospitalize (Death CI
then D/C vs. d then Vvs.
Reference®) medical Referen
ce¥)
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follow vs.

Reference®)
<
Age (years) 0.55 0.55,0.56 0.13 0.12,0.13 0046 0045 <0001
0.047
ight (k <0.001
Weight (k) 0.83 0.81,0.84 0.26 025.027  004g 0047, <000
0.049
<0.001
Gender
Male 1.00 ; 1.00 ; 1.00 ;
Female 1.07 1.06, 1.08 0.34 033,034 035 %33‘;’
<0.001
Race
White 1.00 ; 1.00 ; 1.00 ;
Black 0.55 0.55,0.56 0.28 027,029 035 %3336’
Other 0.59 0.58,0.61 225 222,229 084 %88%
<0.001
Geographical Region
h
Northeast 1.00 ; 1.00 - 1.00 ]
v
idwest 0.12 0.11,0.13 1.7 165,175 095  09%
0.97
h
Sout 021 0.20, 0.22 2.20 215,224 122 11 ;_77
West 2.87 2.81,2.94 6.13 590,637  1.41 11355
Urbanicity <0.001
Urban 1.00 - 1.00 ; 1.00 ;
Rural 0.372, 0.81,
0375 Pt 5.38 529,547 086 o
1
Super rura 033 032,033 5.83 573,593 3.8 é ﬁ’

Reference: Discharged before hospitalization

Table 8: Adjusted Multinomial Logistic Regression of Model 1 vs Outcome of Both ED
and Hospital Disposition

aOR 95%CI aOR 95%CI aOR (Death 95% C
(Hospitalized (Hospitalized vs. Reference)
then D/C vs. then medical
Reference) follow vs.
Reference)
Age (years) 0.015 0.014,0.016 0.10 0.09,0.11 0.41 0.37, 0.
Weight (kg) 0.0005 0.0005, 0.0006 0.21 0.21,0.22 3.31 3.11, 3.:
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Gender

Male 1.00 - 1.00 - 1.00 -
Female 1.015 1.015, 1.016 0.99 0.97,1.01 3.00 2.90, 3.
Race
White 1.00 - 1.00 - 1.00 -
Black 1.0255 1.0251, 1.0259 1.37 1.34,1.41 2.01 1.89, 2.
Hispanic 1.0655 1.0650, 1.066 0.017 0.016,0.018 0.64 0.61, 0.¢
Other 1.0069 1.0066, 1.0071 0.57 0.54, 0.60 2.35 2.28, 2.
Region
Northeast 1.00 - 1.00 - 1.00 -
Midwest 0.95 0.94, 0.97 2.96 2.91,3.02 1.017 0.98, 1.0
South 1.90 1.87,1.93 2.61 2.55,2.66 1.23 1.16, 1.
West 1.49 1.46, 1.52 5.53 5.39,5.68 1.45 1.37, 1.
Urbanicity
Urban 1.00 - 1.00 - 1.00 -
Rural 1.0078 1.0075, 1.0081 0.63 0.58, 0.67 8.79 8.30, 9.
Super rural 1.029 1.029, 1.03 2.43 2.29,2.58 2.61 2.49,2
Reference: Discharged before hospitalization. Model 2: Prehospital factors before EMS
arrival to the scene vs. outcome (treated or discharged before hospitalization,
hospitalized then discharged home, hospitalized then transferred to a medical facility,
and death)
Table 9: Unadjusted Multinomial Logistic Regression of Model 2 Vs the Outcome of
Both ED and Hospital Disposition
OR 95% CI OR 95% CI OR (Death 95% C
(Hospitalize (Hospitalized VS.
d then D/C then medical Reference)
Vvs. follow vs.
Reference) Reference)
Instructions received prior to EMS arrival
No 1.00 - 1.00 - 1.00 -
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Yes 63.74 59.41, 68.38 10.52 9.78, 11.31 51.39 47.90, 55.

Unconscious
No 1.00 - 1.00 - 1.00 -
Yes 0.73 0.72,0.73 0.208 0.206, 0.209 0.232 0.230, 0.2

Any impairment

No 1.00 - 1.00 - 1.00 -

Yes 1.003 0.99, 1.01 3.48 3.38,3.58 0.11 0.10, 0.1

Reference: Discharged before hospitalization

Table 10: Adjusted Multinomial Logistic Regression of Model 2 vs Outcome of Both
ED And Hospital Disposition

¥ aOR
(Hoslgtlzlized (Hospitalized aOR (Death
then D/C vs. 95% CI then medical 95% CI1 Vs. 95% CI
Reference) follow vs. Reference)
Reference)

Instructions received by 911 call prior to EMS arrival

No 1.00 - 1.00 - 1.00 -

Yes 4.83 4.44,5.25 0.08 0.07, 0.09 0.013 0.010, 0.016

Unconscious

No 1.00 - 1.00 - 1.00 -

Yes 50.07 46.33, 54.12 10.53 9.76, 11.35 0.00041 0.000057,
0.0029

Any impairment

No 1.00 - 1.00 - 1.00 -

Yes 0.049 0.045, 0.054 4.14 3.82,4.48 0.011 0.007,0.014

¥Adjusted Odds Ratio. Reference: Discharged before hospitalization
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Model 3: Prehospital Vital signs vs. outcome (treated or discharged before
hospitalization, hospitalized then discharged home, hospitalized then transferred to a medical

facility, and death)

Table 11: Unadjusted Multinomial Logistic Regression of Model 3 vs Outcome of Both
ED And Hospital Disposition

OR (Hospitalized  95% CI OR 95% CI  OR (Death 95% CI
then D/C vs. (Hospitalized VS.
Reference) then medical Reference)
follow vs.
Reference)

Any abnormal or extreme abnormal vital sign

No 1.00 - 1.00 - 1.00 -

Yes 0.34 0.33,0.34 2.16 2.13,2.18 3.92 3.84,4.00

Reference: Discharged before hospitalization

Model 4: Prehospital intervention variables vs. the outcome (treated or discharged
before hospitalization, hospitalized then discharged home, hospitalized then transferred to a

medical facility, and death)

Table 12: Unadjusted Multinomial Logistic Regression of Model 4 vs Outcome of both
ED and Hospital disposition

OR 95% CI OR 95% CI OR (Death 95% CI
(Hospitalize (Hospitalized VvS.
d then D/C then medical Reference)

VS. follow vs.
Reference) Reference)

Respiratory Support

Respiratory Treatment Received Prior to EMS Arrival

No 1.00 - 1.00 - 1.00 -
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Yes 1.002 0.99, 1.009 0.33 0.33,0.34 0.22 0.22,0.23
Patient response to respiratory intervention
Not improved 1.00 - 1.00 - 1.00 -
Improved 0.69 0.69, 0.7 1.9 1.88,1.92 1.27 1.25,1.29
IV support
IV Treatment Received Prior to EMS Arrival
No 1.00 - 1.00 - 1.00 -
Yes 0.94 0.39, 0.95 2.22 2.15,2.29 0.65 0.62, 0.68
Patient response to IV intervention
Not improved 1.00 - 1.00 - 1.00 -
Improved 1.56 1.54, 1.59 1.15 1.13,1.17 1.64 1.61,1.68
Medications
Medications Treatment Received Prior to EMS Arrival
No 1.00 - 1.00 - 1.00 -
Yes 1.18 1.17,1.19 0.28 0.28, 0.29 0.11 0.10,0.11
Patient response to Medication intervention
Not improved 1.00 - 1.00 - 1.00 -
Improved 0.71 0.71, 0.72 2.02 2.00, 2.05 5.77 5.68, 5.87
Reference: Discharged before hospitalization
Table 13: Adjusted Multinomial Logistic Regression of Model 4 Vs the Outcome of
Both ED and Hospital Disposition
aOR 95% CI aOR 95% CI  aOR (Death 95% CI
(Hospitalized (Hospitalized VvS.
then D/C vs. then medical Reference)
Reference) follow vs.
Reference)
Respiratory Support

Treatment Received Prior to EMS Arrival

41



No 1.00 - 1.00 - 1.00 -

Yes 1.72 1.69, 1.76 0.82 0.81, 0.83 0.28 0.27,0.29
Patient response to respiratory intervention

Not improved 1.00 - 1.00 - 1.00 -
Improved 0.50 0.48, 0.51 4.54 4.38,4.71 0.078 0.075, 0.081
IV support

Treatment Received Prior to EMS Arrival

No 1.00 - 1.00 - 1.00 -

Yes 0.41 0.40, 0.42 0.39 0.36,0.43 0.12 0.11,0.12
Patient response to IV intervention

Not improved 1.00 - 1.00 - 1.00 -
Improved 0.38 0.37,0.39 1.03 0.97, 1.10 2.06 2.03,2.09
Medications

Treatment Received Prior to EMS Arrival

No 1.00 - 1.00 - 1.00 -

Yes 0.35 0.34,0.36 0.91 0.88, 0.92 2.65 2.61,2.71
Patient response to Medication intervention

Not improved 1.00 - 1.00 - 1.00 -
Improved 1.59 1.57,1.61 0.39 0.39, 0.40 6.21 6.10, 6.32

Reference: Discharged before hospitalization

Model 5: The combination of all previous models (1, 2, 3, and 4) vs. the

outcome (treated or discharged before hospitalization, hospitalized then discharged

home, hospitalized then transferred to a medical facility, and death)
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Table 14: Adjusted Multinomial Logistic Regression of Model 5 vs The Outcome of
Both ED and Hospital Disposition

aOR* 95%CI aOR 95%Cl aOR 95% CI
(Hospital- (Hospitalized (Death vs.
ized then then medical Reference)
D/C vs. follow vs.
Reference) Reference)

Age (years) 0.56 0.32,0.97 1.00 1.00, 1.00 1.31 1.07, 1.61

Weight (kg) 0.33 0.18, 0.61 1.22 1.03, 1.45 2.73 2.20, 3.39

Gender

Male 1.00 - 1.00 - 1.00 -

Female 1.03 1.03, 1.04 0.18 0.15,0.22 5.69 4.61,7.04

Race

White 1.00 - 1.00 - 1.00 -

Black 1.08 1.08, 1.09 0.00048 0.00035, 0.5 0.4, 0.6
0.00067

Hispanic 1.02 1.01, 1.03 0.00062 0.00052, 0.05 0.04, 0.07
0.00073

Other 0.977 0.974, 0.979 0.23 0.15,0.34 0.21 0.17,0.27

Region

Northeast 1.00 - 1.00 - 1.00 -

Midwest 0.027 0.023, 0.033 2.68 1.80, 4.00 3.52 3.06, 4.04

South 0.011 0.0094, 0.07 0.04,0.11 9.35 5.17,16.90

0.0014

West 8.44 7.01, 10.18 1204.66 954.33, 0.00027 0.00027,
1520.65 0.000271

Urbanicity

Urban 1.00 - 1.00 - 1.00 -

Rural 0.885 0.882, 0.887 0.04 0.02, 0.07 2.44 2.13,2.79

Super rural 0.99 0.99, 1.00 7696.48 6512.14, 0.89 0.77, 1.03
9096.22

Prehospital factors

Instructions received prior to EMS arrival

No 1.00 - 1.00 - 1.00 -
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Yes 3.11 2.47,391 0.0005 0.00023, 0.0015 0.00048,
0.0012 0.0051
Unconscious
No 1.00 - 1.00 - 1.00 -
Yes 0.017 0.012, 0.025 0.011 0.0066, 0.018 1.38 1.14,1.68
Any impairment
No 1.00 - 1.00 - 1.00 -
Yes 35.23 27.64, 44.90 0.26 0.22,0.31 55.32 40.76, 75.07
Any abnormal or extreme abnormal vital sign
No 1.00 - 1.00 - 1.00 -
Yes 24.94 15.65,39.73 0.7 0.5,0.8 1.72 1.39,2.14
Respiratory Support
Respiratory Treatment Received Prior to EMS Arrival
No 1.00 - 1.00 - 1.00 -
Yes 1.59 0.92,2.74 0.04 0.03, 0.05 0.027 0.021, 0.036
Patient response to respiratory intervention
Not improved 1.00 - 1.00 - 1.00 -
Improved 6.19 3.74,10.25 2.97 2.56,3.43 0.22 0.15,0.34
IV support
IV Treatment Received Prior to EMS Arrival
No 1.00 - 1.00 - 1.00 -
Yes 0.00058 0.00057, 206.5 173.7,245.5 0.007 0.005, 0.011
0.00058
Patient response to IV intervention
Not improved 1.00 - 1.00 - 1.00 -
Improved 0.0000177  0.0000176, 4.16 3.57,4.83 14.77 12.59,17.33
0.0000178
Medications

Treatment Received Prior to EMS Arrival
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No 1.00 - 1.00 - 1.00 -

Yes 641.58 399.91, 0.006 0.004, 0.01 53.31 44 .85, 63.36
1029.27

Patient response to Medication intervention

Not improved 1.00 - 1.00 - 1.00 -
Improved 1.00 1.00 7.3122 % 7.3121% 673.27 562.73,
107° 107°, 805.53
7.3124%
10~°

¥Adjusted odds ratio. Reference: Discharged before hospitalization

Table 15: Predictors of Hospitalization and Mortality of Poisoning Encounters in the
ESO Dataset During 2022

Predictors Hospitalization Mortality
Age X
Weight X X
Gender female
Region midwest and west midwest and south
Urbanicity super rural rural
Unconscious X
Any impairment X .4
Any abnormal or extreme abnormal vital signs X X
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Table 16: Predictors of Severity of Poisoning of Poisoning Encounters in the ESO

Dataset During 2022
Severity of poisoning
Age
Weight
Gender
Region

Urbanicity
Unconscious
Any impairment

Any abnormal or extreme abnormal vital signs

Respiratory Treatment Received Prior to EMS Arrival

Medications Treatment Received Prior to EMS Arrival

IV Treatment Received Prior to EMS Arrival
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Moderate Severe Fatal
X
X X
female
west midwest and midwest and
west south
super rural rural
X
X
X
X
X X
X



CHAPTER 4

DISCUSSION

This study describes the prehospital emergency data from the ESO dataset
collected in 2022, to examine the patterns of poisoning among a sample of U.S. data,
identify predictors of hospitalization, and find the risk factors of fatal poisoning.
Important findings were identified in our study.

The annual rate of poisoning incidents in this large nationwide EMS dataset is
0.41, indicating that poisoning is a frequent problem and is causing a serious threat to
community health. Compared to global rates, the annual rate of poisoning incidents
resulting in ED visits ranges between 0.1% to 0.7% [2, 3, 26, 27].

Identified themes in the qualitative content analysis show that the majority of
poisoning cases are caused by substance or chemical use. Similarly, a study done in
China showed that the majority of poisoning incidents were caused by therapeutic
drugs, alcohol, and pesticides [3]. In our study, the most frequently used substances
were opioids and alcohol, which is different from the 2022 40™ annual report of the
National Poison Data System (NPDS) of the American Poison Centers, which showed
the most frequently used substances were analgesics, household detergents, and
antidepressants [28]. Poisoning incidents varied by age; the most affected age group is
between 20 to 40 years, given that the type of poisoning identified justifies the high
exposure of this age group. In other words, our study showed that substance use,
particularly opioids and alcohol, is highly prevalent among adults between 20 to 40
years old. Similarly, in a Canadian study, most frequently reported poisoning incidents

were among individuals aged 30 to 39 years [29]. The increase in weight was shown to
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be a significant predictor of severe poisoning or long-term morbidity (hospitalization,
then transfer to a medical center) and fatal poisoning (death due to poisoning). This
association between an increase in weight and the severity of poisoning is unique for
our study, as such an association was not investigated before. Moreover, the distribution
of poisoning incidents was evenly distributed over the day with three spikes at mid-day
(11:00 AM), afternoon (2:00 PM), and late afternoon (7:00 PM). In a study focusing on
child characteristics on poison injury, a peak between 4:00 PM to 6:00 PM was noted
[30]. This study [30] and ours highlight the differences between adults' characteristics
and childhood factors contributing to poisoning injury in the U.S.

The majority of poisoning encounters in the ESO dataset were males, and both
males and females had similar odds of getting hospitalized then discharged home
(moderate severity of poisoning encounter). Females had lower odds of getting
hospitalized then followed by medical supervision (severe poisoning or long-term
morbidity) in comparison to males. However, females had 5 times higher odds of fatal
poisoning incidents as compared to males. A case in point, females have lower odds of
moderate and severe poisoning but higher odds of fatal poisoning, indicating that the
nature of poisoning in females might be more fatal as compared to males. On the
contrary, a recent study conducted in Canada showed a male predominance affected by
opioid-related overdoses in a prehospital EMS response in 2024 [29]. The white race
had the highest odds of severe and fatal poisoning, but there were no differences
between races in moderate poisoning cases. Similar to previous studies, the highest drug
poisoning mortality rate from 1999-2008 in the United States was among non-Hispanic
white and American Indian or Alaska Native persons [31]. The West region of the

United States had the highest odds of moderate and severe poisoning, but the Southern
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region had the highest odds of fatal poisoning. In 2008, poisoning was the leading cause
of injury death in the northeastern and western regions of the United States [31]. Living
in an urban area had the highest odds of moderate poisoning, but living in a super rural
area had the highest odds of severe poisoning, and living in a rural area had the highest
odds of fatal poisoning. In a study conducted in China from 2006 to 2020, a decrease in
overall fatal poisoning rates was observed, and it was more protruding in rural areas
than in urban areas [32].

In an operational setting, receiving instructions prior to EMS arrival to the scene
served as a protective factor in significantly reducing the odds of severe and fatal
poisoning, but not the moderate poisoning, which increased the odds of hospitalization
by threefold. This might be justified by the fact that moderate poisonings might not
have been considered serious initially, and lead to worsening the outcomes.
Unconscious patients had higher odds of mortality due to poisoning compared to
conscious patients. In a multicenter, randomized clinical trial conducted between 2021
and 2023 in France, which included comatose patients with a Glasgow Coma Scale
score less than 9 and who were suspected to have acute poisoning, showed that
withholding intubation was associated with better clinical outcomes, such as in-hospital
death, length of ICU and hospital stays [33]. Having any type of impairment
significantly increases the odds of having moderate and fatal poisoning. Hence, patients
who have any type of impairment were at higher risk of increased severity of poisoning
clinical outcomes. In prehospital care, it is well known that the majority of poisoned
patients will present with normal vital signs [34]. However, we sub-categorized the vital
signs based on their clinical cut-off ranges into normal, abnormal, and extreme

abnormal (as presented in Table 3.2) to be able to capture the association between the
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abnormality in prehospital vitals and the effect on clinical outcome in terms of early
triage of poisoned patients. In our study, patients who had any abnormal or extreme
abnormal vital signs had higher odds of moderate and fatal poisoning, proving that our
assumption was valid. Moreover, among patients who received respiratory treatment before
EMS arrival, lower odds of severe and fatal poisoning were observed compared to patients who
didn’t receive respiratory support. However, improved patients’ response to prehospital
respiratory intervention was successful in reducing the odds of fatal poisoning but not
the severity of poisoning and risk of hospitalization. Additionally, receiving intravenous
interventions before the arrival of EMS was associated with lower odds of moderate and
fatal poisoning. But having an improved response to IV therapy in prehospital care was
associated with increased odds of severe and fatal poisoning. Additionally, receiving
medications before EMS arrival was associated with reduced odds of severe poisoning,
but it increased the odds of moderate and fatal poisoning. Moreover, improved response
to medications received in the prehospital setting had significantly reduced odds of
moderate and severe poisoning but higher odds of fatal poisoning as compared to
patients who didn’t have improved response. These findings suggest that prehospital
response to EMS interventions may serve as an early indicator of the severity of the
poisoning case and render the need for a higher acuity level of care.

This study has multiple strengths; it included prehospital data from more than
1,300 agencies across the United States and a large sample size of over 5 million
encounters, which makes it representative and robust in terms of external validity. The
ESO dataset provided a rich understanding of sociodemographic, operational, and

clinical factors affecting the severity of poisoning outcome. The use of multinomial
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logistic regression strengthened the exploration of multiple severity levels and allowed
for examining the associations between predictors and multi-level disposition outcomes.
However, this study had several limitations. First, it is a secondary data analysis
of existing prehospital records, which might have missed unmeasured possible residual
confounding factors. Second, the prehospital setting of poisoning observations is an
acute and urgent situation that puts paramedics under pressure regardless of their level
of professionalism or level of experience, which in turn leads to missingness in data,
and misclassification or misunderstanding of certain questions in the data collection

form.
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CHAPTER 5

CONCLUSION

In conclusion, our study highlights the sociodemographic, operational, and
clinical predictors of poisoning hospitalization and mortality risks using near-real-time
and nationally representative data. Identifying important predictors of hospitalization
and mortality due to poisoning encounters in the ESO dataset helps in preventing such
incidents. These findings emphasized the importance of early instructions and
interventions in reducing the burden of fatal and non-fatal poisoning. Future research
needs to consider the integration of prehospital EMS records with hospital records to
provide a comprehensive understanding of patient disposition and clinical outcomes.
Additionally, predictive modeling and machine learning techniques can be used to

facilitate the identification of high-risk patients using real-time prehospital data.
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