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Abstract
Acute poisoning with drugs and nonpharmaceutical agents represents an important challenge in the emergency department (ED).
The objective is to create and validate a risk-prediction nomogram for use in the ED to predict the risk of in-hospital mortality in

adults from acute poisoning with drugs and nonpharmaceutical agents.
This was a prospective cohort study involving adults with acute poisoning from drugs and nonpharmaceutical agents admitted to a

tertiary referral center for toxicology between January and December 2015 (derivation cohort) and between January and June 2016
(validation cohort). We used a program to generate nomograms based on binary logistic regression predictive models. We included
variables that had significant associations with death. Using regression coefficients, we calculated scores for each variable, and
estimated the event probability. Model validation was performed using bootstrap to quantify our modeling strategy and using receiver
operator characteristic (ROC) analysis. The nomogram was tested on a separate validation cohort using ROC analysis and
goodness-of-fit tests.
Data from 315 patients aged 18 to 91 years were analyzed (n=180 in the derivation cohort; n=135 in the validation cohort). In the

final model, the following variables were significantly associated with mortality: age, laboratory test results (lactate, potassium, MB
isoenzyme of creatine kinase), electrocardiogram parameters (QTc interval), and echocardiography findings (E wave velocity
deceleration time). Sex was also included to use the same model for men and women. The resulting nomogram showed excellent
survival/mortality discrimination (area under the curve [AUC] 0.976, 95% confidence interval [CI] 0.954–0.998, P<0.0001 for the
derivation cohort; AUC 0.957, 95% CI 0.892–1, P<0.0001 for the validation cohort).
This nomogram provides more precise, rapid, and simple risk-analysis information for individual patients acutely exposed to drugs

and nonpharmaceutical agents, and accurately estimates the probability of in-hospital death, exclusively using the results of objective
tests available in the ED.

Abbreviations: AUC= area under the curve, CI= confidence interval, CKMB=MB isoenzyme of creatine kinase, DT= the Ewave
velocity deceleration time, ECG = electrocardiogram, ED = emergency department, GCS = Glasgow Coma Scale, ICU = intensive
care unit, msec = milliseconds, NPV = negative predictive value, NSAIDs = nonsteroidal anti-inflammatory drugs, OR = odds ratio,
PPV = positive predictive value, PSS = poisoning severity score, QTc = corrected QT interval, ROC = receiving operator
characteristic, SD = standard deviation.
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1. Introduction

Acute poisoning is potentially life-threatening and is an
important medical emergency. Nomograms are widely used in
different clinical settings, to indicate the probability of an event,
such as death or disease recurrence, primarily by reducing
statistical predictive models to a single numerical estimate
tailored to the individual patient profile.[1] For example, in
oncology, nomograms can help determine cancer prognosis[2]

and offer an accurate individualized prediction of survival,[3] and
in neonatology nomograms are used to assess the risk for severe
nonphysiologic hyperbilirubinemia after neonates discharge.[4]

They reduce statistical predictive models into a single numerical
estimate, tailored to the profile of an individual patient, indicating
the probability of an event, such as death or recurrence.[1] In
clinical toxicology, several nomograms have been developed,
including the Done nomogram, indicating the severity of toxicity
based on 6-hour levels of non-enteric-coated aspirin,[5] currently
with limited clinical use; the Rumack–Matthew nomogram, for
antidote therapy decision in acetaminophen overdose[6]; the QT
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nomogram, predictive for arrhythmogenic risk of drug-induced
QT prolongation,[7] particularly in antipsychotic,[8] and antide-
pressant overdoses[9]; and graphical nomograms predicting drug
concentration.[10] To be relevant for clinical practice, the
accuracy of a risk assessment tool should be greater than that
of a practitioner’s assessment in the emergency department
(ED).[11]

Our aim was to construct and validate a simple, accurate, and
widely applicable nomogram offering an early estimate of the
risk of in-hospital mortality, using objective data, immediately
available upon presentation to the ED, derived from a population
of subjects following acute poisoning with drugs and non-
pharmaceutical agents, irrespective of the dose, route of
exposure, or mechanism of toxicity. The emergency physician
could use this simple tool to identify patients with acute
poisoning at risk of death immediately after presentation, and
optimize patient management by referring patients to an intensive
care unit (ICU), to prevent mortality.
2. Materials and methods

2.1. Study design

This paper presents the results of a prospective cohort study
involving patients with acute poisoning, conducted in a tertiary
referral center for toxicology (Fig. 1). Enrollment occurred
between January 2015 and December 2015 (derivation cohort)
and between January 2016 and June 2016 (validation cohort).
The study was funded by an internal research grant awarded by
the “Grigore T. Popa”University ofMedicine and Pharmacy Iasi,
Romania. This study complied with the principles of the
Declaration of Helsinki and was approved by the “Grigore T.
Popa” University of Medicine and Pharmacy’s Commission for
Research Ethics, and by the “Sf. Spiridon” Clinical County
Emergency Hospital’s Ethics Committee. The study complied
with the transparent reporting of an observational cohort study
(STROBE) and with a multivariable prediction model for
individual prognosis (TRIPOD) statement.[12]
Figure 1. Patient
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2.2. Study setting and population

The setting for this study was an urban tertiary center with over
85,000 ED visits annually. Patients eligible for enrollment were
over 18 years of age, with acute poisoning as the primary reason
for hospital admission, and with admission occurring within 12
hours of exposure to a drug or chemical substance. We enrolled
consecutive patients hospitalized in the ICU, or in a non-ICU
ward, after obtaining a signed informed consent from the patient
or the family (in the case of an unconscious patient). The
following were exclusion criteria: lack of a signed informed
consent, age under 18 years, diagnosis of diabetes, concomitant
acute pathology associated with poisoning (such as trauma and
burns, including chemical burns), or incomplete data.
2.3. Study protocol

Procedures were identical in the derivation and validation phases
of the study. The following data were collected from all patients
participating in the study: baseline characteristics, vital signs,
mental status, underlying diseases, the type of poison exposure,
the intent of the poisoning (self-harm or accident), coingestion of
ethanol, laboratory test results, electrocardiogram (ECG) and
emergency echocardiography parameters, medical complica-
tions, antidote treatment patterns, ICU admission days, and
in-hospital outcome. The patients were only followed up during
their hospitalization. The derivation cohort for nomogram
development consisted of the 180 patients admitted between
January 2015 and December 2015, with complete recordings of
the parameters set out above.
A standardized data collection formwas designed to retrieve all

the relevant information on socio-demographic data (age, sex,
residence, ethanol exposure, history of chronic disease), baseline
laboratory data, and biomarkers. Clinical scores, such as the
Glasgow Coma Scale (GCS) and the Poisoning Severity Score
(PSS), were recorded for all patients. In a subset of 20 patients
(11.1%), blinded, independent second raters duplicated data
collection to assess reliability.[11]
flow diagram.
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Ablood samplewas collected immediately after EDpresentation
to evaluate arterial blood gases, routine hematology and
biochemical analysis, and cardiac biomarkers assessing myo-
cardial injury.[13] The results were obtained using ABL 90
(Radiometer, Denmark), PATHFAST Cardiac Biomarker
Analyser (LSI Medience Corporation, Tokyo, Japan), Sysmex
XT-4000i—Automated Hematology Analyzer (Sysmex Corpora-
tion, Tokyo, Japan), and ARCHITECT c16000 clinical chemistry
analyzer (Abbott Laboratories, Abbott Park, Illinois, USA). A 12-
lead ECG (to determine ST-T changes, PR, andQTc intervals) was
recorded in the ED upon presentation. The QTc was calculated
using the Bazett formula, and was considered prolonged if greater
than 0.44seconds.[7] A transthoracic echocardiography using
Fukuda Denshi Full Digital Ultrasound System UF-850XTD
(Fukuda Denshi Co, Ltd, Tokyo, Japan) was performed in the ED
by a cardiologist and an internal medicine specialist with
competence in basic echocardiography, to assess systolic and
diastolic functionof the left ventricle (LV), aswell as volume status,
according to guideline recommendations.[14] The results were
compared, the intra- and inter-reader variabilitywas tested, andno
statistical differences between the operators were noted.

2.4. Validation cohort

To examine the generalizability of the model, an external
validation was performed using a separate cohort of 203
consecutive patients with acute poisoning after exposure to drugs
or nonpharmaceutical agents, hospitalized in the same institution
between January 2016 and June 2016, and 135 patients with
complete data to score all the variables in the established
nomogram were analyzed. No data from the validation cohort
were used to derive the nomogram, and no data from the
derivation cohort were used to validate it.

2.5. Key outcome measures

Patient status upon hospital discharge was defined as follows:
survivors, defined as patients who survived and were discharged
with stable vital signs, with no specific complaints, and with all
complications resolved during hospitalization; nonsurvivors,
defined as patients who died during hospitalization.
2.6. Data analysis

Each variable distribution was presented as mean ± SD, or
median with interquartile range, or frequency. The Student t test
orMann–WhitneyU test for numerical variables, as well as the x2

test and Cochrane statistic for categorical variables, were used to
detect significant differences between survivors and nonsurvi-
vors. To evaluate the association between patient data and
mortality, we first applied simple binary logistic regression for
each variable with significant differences between the 2 groups.
Then we applied binary logistic regression on clusters of variables
characteristic for systems and organs. We selected significant
variables from each cluster, which were included in the final
model. Odds ratios (OR) with confidence intervals (CI) were
calculated. Goodness-of-fit for multivariate models was con-
firmed using the Hosmer and Lemeshow test. Based on these
results, we generated the nomogram. The receiver operating
characteristic (ROC) methodology was used to assess the
discriminative power of the nomogram. ROC analyses were
expressed as curve plots and calculated area under the curve
(AUC) with 95% CI and the associated P value representing the
likelihood of the null hypothesis (AUC=0.5). Statistical analyses
3

were performed using SPSS (version 22.0; SPSS Inc, Chicago, IL).
We used STATA/SE 13.0, and the nomolog program to generate
a Kattan-style nomogram, which is a nomogram for binary
logistic regression predictive models.[15] The length of the line
corresponding to a given variable correlated positively with the
importance of the variable.[15] Internal validation was performed
using the bootstrap method. The probability derived from the
nomogram for all subjects was verified and compared with the
value of the probability estimated using the logistic model.
During external validation of the nomogram, the death risk

probability for each patient was calculated using the established
nomogram and logistic regression was performed using the
predictive variables derived from the validation cohort. These
probabilities were subjected to ROC analyses. In addition to
comparing thediscriminationability of theAUC,wealso calculated
the positive predictive value (PPV) and the negative predictive value
(NPV) of the scores calculated by the nomogram for the validation
cohort. A 2-sided P value < 0.05 was deemed significant.

3. Results

3.1. Patient characteristics and survival

Among the 388 eligible patients (Fig. 1), 180 were included in the
derivation cohort, and 135 patients were included in the
validation cohort. We excluded 73 patients with incomplete
data from the analysis. The patient’s demographics, clinical
characteristics upon admission, laboratory data, and clinical
outcomes are reported for survivors and nonsurvivors in Table 1.
The mean age for both cohorts was 44 years (range, 18–91

years), 50.5% of the subjects were women, all the patients were
Caucasian, and 51.42% had rural residence. The time interval
between toxin exposure and presentation to the ED ranged from
0.5 to 6.5hours. The leading cause of poisoning was acute
exposure to a combination of poisons (29.4% in the derivation
cohort and 34.8% in the validation cohort, respectively). Among
the patients in the derivation cohort, the drugs most frequently
involvedwere: sedative hypnotics (13.9%); illicit drugs, including
opiates (5%); antidepressants (3.9%); anticonvulsants (3.9%);
cardiovascular medication (3.9%); NSAIDs, including salicylates
(3.9%); antipsychotics (2.8%); and acetaminophen (2.8%) (see
supplemental content, http://links.lww.com/MD/B614). The
distribution of nonpharmaceutical poisons was as follows:
pesticides and herbicides (11.7%); carbon monoxide (8.3%);
toxic alcohols, other than ethanol (5%); other chemicals, such as
formaldehyde or hydrocarbon mixtures (2.2%); and rat poison
(1.2%). Themajority of the cases were due to self-poisoning, with
only 23 cases (7.3%) being accidental poison exposures.
The overall in-hospital mortality rate was 8.57% (n=27),

providing an adequate number of events to evaluate predictors
(see supplemental content, http://links.lww.com/MD/B614).
The direct cause of death was multiple complications
involving at least 2 vital organs (dysrhythmias, toxic-induced
myocardial injury, refractory shock, acute respiratory distress
syndrome, and multiple organ failure). In both cohorts, deaths
were recorded in patients with acute poisoning involving
chemicals (10 patients; 3.2%), drugs (7 patients; 2.2%), a
combination of poisons (6 patients; 1.9%), and toxic gases
(4 patients; 1.3%).

3.2. Univariable and multivariable analysis

Out of the 180 patients of the derivation cohort, there were 16
nonsurvivors (8.89%). Univariable predictors of in-hospital
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Table 1

Baseline patient demographics, clinical and laboratory characteristics, and outcomes.

Derivation cohort Validation cohort

Patients characteristics Survivors
(N=164)

Nonsurvivors
(N=16)

P value for surviving
vs dying

Survivors
(N=124)

Nonsurvivors
(N=11)

P value for
surviving vs dying

Demographics and clinical parameters
Mean age, y (SD) 43 (16.5) 62.1 (14.2) <0.0001 42.4 (15.7) 60.1 (12.4) <0.0001
Male/female, % 91.3/90.9 8.7/9.1 0.566 93.8/90.1 6.2/9.9 0.329
Residence (R/U), % 95.6/86.7 4.4/13.3 0.064 97.2/85.7 2.8/14.3 0.024
Poison type, % 0.089 0.450
Combination of poisons 94.3 5.7 93.6 6.4
Drugs

∗
94 6 92.3 7.7

Illicit drugs 100 — 100 —

Chemicals 80 20 91.7 8.3
Toxic gases 86.7 13.3 75 25
Mean ethanol, mg/dL (SD) 57.37 (116.20) 39.81 (65.79) 0.553 63.63 (131.00) 28.91 (90.25) 0.392
Median GCS (IQR) 13 (4) 7 (9) 0.001 13 (5) 5 (9) 0.002
Mean SBP, mm Hg (SD) 124.81 (23.52) 111.13 (38.81) 0.039 125.66 (20.59) 118.27 (33.19) 0.283
Mean DBP, mm Hg (SD) 76.65 (13.35) 65.44 (22.89) 0.003 77.77 (12.99) 73.36 (19.24) 0.304
Mean HR, b/min (SD) 91.83 (23.12) 89.63 (36.52) 0.732 90.05 (21.48) 94.73 (36.49) 0.518
Laboratory tests
Mean lactate, mmol/L (SD) 2.68 (2.52) 7.10 (5.58) <0.0001 1.76 (0.81) 3.89 (4.18) <0.0001
Mean HCO3, mmol/L (SD) 23.71 (3.98) 14.10 (7.54) <0.0001 23.44 (3.84) 15.83 (7.69) <0.0001
Mean Na+, mmol/L (SD) 140.34 (5.77) 140.63 (5.30) 0.850 141.19 (4.16) 139.18 (6.46) 0.148
Mean K+, mmol/L (SD) 3.84 (0.52) 4.57 (1.14) <0.0001 3.59 (0.43) 4.02 (0.99) 0.008
Mean Ca2+, mmol/L (SD) 1.40 (1.30) 1.15 (0.23) 0.458 1.19 (0.4) 1.10 (0.1) 0.477
Mean Mg2+, mg/dL (SD) 1.93 (0.23) 1.94 (0.53) 0.910 1.93 (0.27) 1.99 (0.71) 0.696
Mean creatinine, mg/dL (SD) 0.85 (0.41) 1.21 (0.42) 0.001 0.88 (0.45) 1.09 (0.42) 0.139
Mean glucose, mg/dL (SD) 125.03 (48.50) 192.75 (80.79) <0.0001 123.06 (52.88) 215.55 (119.72) <0.0001
Mean Hb, g/dL (SD) 13.73 (1.53) 14.33 (2.27) 0.152 13.68 (1.97) 13.97 (1.84) 0.633
Mean WBC, � 1000 mcgL (SD) 10.07 (4.66) 14.12 (5.68) 0.001 10.60 (5.43) 12.12 (6.06) 0.381
Mean BNP, pg/mL (SD) 65.65 (139.52) 196.66 (152.51) <0.0001 181.52 (518.57) 214.94 (134.87) 0.858
Mean CKMB, ng/mL (SD) 7.64 (12.25) 13.07 (17.81) 0.012 4.63 (6.24) 13.64 (19.39) <0.0001
Mean AST, U/L (SD) 38.78 (75.96) 90.13 (92.26) 0.012 35.22 (39.57) 92.18 (108.87) <0.0001
Mean ALT, U/L (SD) 28.30 (31.73) 52.63 (51.98) 0.007 30.67 (33.62) 54.00 (57.48) 0.042
Mean CK, U/L (SD) 635.99 (4417.51) 757.13 (1578.72) 0.914 521.01 (1258.71) 737.73 (1353.28) 0.601
ECG and TTE parameters
Mean QTc interval, ms (SD) 412.96 (74.27) 487.46 (138.92) 0.001 381.63 (62.38) 454.55 (163.38) 0.002
Mean LVEF, % (SD) 55.49 (7.19) 43.38 (10.49) <0.0001 53.00 (7.18) 44.88 (7.50) 0.006
Mean DT, ms (SD) 201.82 (39.85) 249.44 (30.21) <0.0001 202.51 (35.37) 239.27 (31.39) 0.001
Clinical outcomes
Need for ICU therapy, % 18.3 62.5 <0.0001 16.9 63.6 0.002
Complications, % 0.001 0.001
Rhabdomyolysis 3 — 3.2 —

Respiratory 3.7 — 4.8 —

Cardiovascular 10.4 — 13.7 —

Hepatic 4.9 — 5.6 —

Gastro-enteral 1.2 — 1.1 —

Renal 2.4 — 2.9 —

CNS 6.1 — 6.5 —

Multiple 14 100 13.7 100
Mean length of stay, d (SD) 4.26 (3.27) 6.94 (5.90) 0.005 4.24 (2.88) 5.18 (4.07) 0.319

ALT= alanine transaminase, AST= aspartate aminotransferase, b/min=beats per minute, BNP=brain natriuretic peptide, CK= creatine kinase, CKMB=MB isoenzyme of creatine kinase, CNS= central
nervous system, DBP=diastolic blood pressure, DT=E wave velocity deceleration time, ECG= electrocardiogram, GCS=Glasgow Coma Scale, Hb=hemoglobin, HCO3=bicarbonate, HR=heart rate, ICU=
intensive care unit, LVEF= left ventricle ejection fraction, OTC= over-the-counter, R= rural residence, SBP= systolic blood pressure, SD= standard deviation, U, urban residence, WBC, white blood cells, TTE,
transthoracic echocardiography.
∗
Included prescription drugs and OTC.
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mortality are shown in Table 2. Onmultivariable analysis, only 6
of the 20 candidate variables remained predictive of mortality
(Table 3). The following variables independently correlated with
mortality: age, lactate upon ED presentation, potassium (K+),
initial MB isoenzyme of creatine kinase (CKMB) upon ED
arrival, the QTc interval on initial ECG, and the E wave velocity
deceleration time (DT) on the echocardiography performed in
the ED. Although other variables (including, urban residence,
4

glucose level, and left ventricular ejection fraction) were
predictive for mortality on univariable analysis, these were not
included in the final model because the association was not
statistically significant. Blinded duplicate assessments were
performed in 20 patients (researcher only: 7 patients; physician
only: 10 patients; both physician and researcher: 3 patients), and
there were no statistically significant differences in the interexa-
miner assessments.



Table 2

Selected factors using univariate analysis for building the model.

Characteristics Wald x2 Odds ratio 95% CI P value

Age 14.528 1.070 1.034–1.108 <0.0001
Urban residence 4.000 0.302 0.094–0.976 0.046
GCS � 8 7.703 0.224 0.078–0.644 0.006
PSS ≥ 3 10.710 0.111 0.030–0.414 0.001
SBP 4.246 0.977 0.956–0.999 0.039
DBP 7.989 0.949 0.916–0.984 0.005
Lactate 18.582 1.310 1.159–1.481 <0.0001
HCO3 24.383 0.735 0.651–0.831 <0.0001
K+ 14.954 4.041 1.991–8.200 <0.0001
CRP 5.016 1.087 1.010–1.169 0.025
Creatinine 3.901 3.378 1.009–11.307 0.048
Glucose 14.823 1.016 1.008–1.024 <0.0001
WBC 8.734 1.143 1.046–1.249 0.003
RDW 6.056 1.541 1.092–2.175 0.014
BNP 8.427 1.004 1.001–1.006 0.004
CKMB 5.960 1.073 1.014–1.136 0.015
ALT 5.230 1.012 1.002–1.022 0.022
QTc interval 8.815 1.010 1.003–1.016 0.003
DT 14.253 1.031 1.015–1.047 <0.0001
LVEF 20.107 0.836 0.773–0.904 <0.0001

ALT= alanine transaminase, BNP=brain natriuretic peptide, CI= confidence interval, CKMB=MB
isoenzyme of creatine kinase, CRP=C reactive protein, DBP=diastolic blood pressure, DT=E wave
velocity deceleration time, GCS=Glasgow Coma Scale, HCO3=bicarbonate, K+=potassium, LVEF=
left ventricle ejection fraction, PSS=Poisoning Severity Score, RDW= red cell distribution width,
SBP= systolic blood pressure, WBC=white blood cells.

Table 4

The risk-prediction nomogram.

Death
Odds
ratio

Standard
error z P> jzj

[95% Conf.
interval]

Age 1.109299 0.0425151 2.71 0.007 1.029024– 1.195837
Gender 0.2263626 0.2078961 �1.62 0.106 0.0374148– 1.369512
QTc interval 1.009945 0.0046119 2.17 0.030 1.000946– 1.019025
DT 1.027673 0.0106673 2.63 0.009 1.006977– 1.048794
CKMB 1.05087 0.0294963 1.77 0.077 0.9946195– 1.110301
Lactate 1.578846 0.2134442 3.38 0.001 1.21134– 2.05785
K+ 6.782769 4.254872 3.05 0.002 1.98355– 23.19375
Constant 4.02e-13 2.82e-12 �4.07 0.000 4.27e-19– 3.79e-07
Log likelihood = �20.915427
Number of obs = 180
LR x2 (7) = 66.15
Prob. > x2 = 0.0000
Pseudo R2 = 0.6126

CKMB=MB isoenzyme of creatine kinase, DT=E wave velocity deceleration time, K+=potassium.
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3.3. Nomogram development

Binary logistic regression analysis indicated that death probabili-
ty in acute poisoning can be estimated using the following
6 significant predictor variables: age, initial lactate, K+, initial
CKMB, the QTc interval, and DT. We added sex as a further
demographic characteristic (Table 3), to use the same nomogram
for male and female patients. ROC curves had validated
discriminatory power of predictive variables for mortality. The
areas under the curves were: DT—0.84 (95% CI 0.74–0.94, P<
0.001); age—0.80 (95% CI 0.70–0.91, P<0.001); initial lactate
—0.74 (95% CI 0.58–0.90, P=0.002); initial CKMB—0.69
(95% CI 0.57–0.81, P=0.012); QTc interval—0.68 (95% CI
0.53–0.83, P=0.018);K+

—0.66 (95% CI 0.47–0.84, P=0.038).
This analysis indicated that all predictor variables had good

discriminatory power. The following variables had a high value
of AUC, predicting mortality with excellent discrimination (AUC
> 0.80): DT (cutoff point 232 msec; sensitivity of 87.5% and a
specificity of 79.9%) and age (cutoff point 53 years; sensitivity of
87.5% and a specificity of 72%).
Using the 6 independent risk factors, in addition to sex, we

developed a nomogram that predicts in-hospital mortality
Table 3

In-hospital mortality model.

Variable Wald x2 Odds ratio 95% CI P value

Age 7.325 1.109 1.029–1.196 0.007
Gender (male) 2.617 4.418 0.730–26.727 0.106
QTc interval 4.696 1.010 1.001–1.019 0.030
DT 6.916 1.028 1.007–1.049 0.009
CKMB 3.125 1.051 0.995–1.110 0.077
Lactate 11.412 1.579 1.211–2.058 0.001
K+ 9.313 6.783 1.984–23.194 0.002

CKMB=MB isoenzyme of creatine kinase, DT=E wave velocity deceleration time, K+=potassium.

5

(Table 4). The nomogram was characterized by 1 scale
corresponding to each variable, a score scale, a total score scale,
and a probability scale (Fig. 2).
The use of the nomogram is simple, and involves 3 steps. First,

on the scale for each variable, the value corresponding to a
specific patient is read and the score scale is used to calculate the
scores for all variable values. Second, the total score is calculated
by adding up all the scores obtained in the previous step, and its
value is identified on the total score scale. Finally, the probability
of an event corresponding to the total score of the subject is read
on the probability scale.
For example, 2 unconscious patients were admitted to the ED

after acute exposure to an unknown quantity of toxic alcohol.
There were no available data regarding the time from poison
exposure to ED presentation, and the serum levels of toxic
alcohol could not be assessed in the ED. Clinical management
was comparable in these cases: both patients were admitted to the
ICU and received antidote therapy with ethanol (the only
available antidote for toxic alcohol poisoning at that time),
underwent hemodialysis for toxin removal, and received
supportive therapy. However, the outcomes were different.
The first patient died after 9 days in the ICU, the second patient
was transferred to the medical ward after 1 day, and discharged
home 2 days later. The application of the nomogram to the first
patient (Fig. 3) showed a total score of 25.5, with a death
probability of 0.68. The death probability calculated using the
nomogram was identical to the one estimated by using logistic
regression model. The first patient did not survive. The same
methodology was applied to the second patient showing a
significantly lower death probability; the second patient survived
(Fig. 4).
The nomogram was evaluated as a diagnostic test calculating

sensitivity, specificity, and positive and negative likelihood
ratios. The final model was internally validated using bootstrap
resampling.[16]

Receiver-operating characteristic analysis indicated that the
accuracy of the predicted probability for the model was 97.6%
compared with 84% or less, when using a single variable
(Table 5).
3.4. Nomogram use in the stratification of patient risk

There were 135 patients and 11 deaths in the validation cohort
(8.14% mortality rate). The nomogram was used to assess the

http://www.md-journal.com


Figure 2. Risk-prediction nomogram for mortality in acute poisoning with drugs and nonpharmaceutical agents incorporating age (y), sex (1 male, 0 female), QTc
interval (msec), DT (msec), initial CKMB (ng/mL), initial lactate levels (mmol/L), and K+ levels (mmol/L). CKMB=MB isoenzyme of creatine kinase, DT = the E wave
velocity deceleration time, QTc = corrected QT interval.

Lionte et al. Medicine (2017) 96:12 Medicine
risk of mortality for all patients in the validation cohort; the
probability indicated by the nomogram was then compared with
the probability using the model developed. The AUC for the
nomogramwas 0.95 (95%CI, 0.88–1, P<0.0001), and the AUC
for the model was 0.96 (95% CI, 0.89–1, P<0.0001; Fig. 5),
which proved that our logistic regression model and nomogram
had superior capability in predicting mortality. For high-risk
patients (total score > 24 points), the sensitivity was 90.9%, the
specificity was 93.5%, the PPV 100%, and the NPV 96%. For
Figure 3. Risk-prediction nomogram in a patient with acute poisoning from a toxi
category to the score line. The points are then added to determine the total sco
estimation: K+ (mmol/L): 6.3� score = 10; initial lactate (mmol/L): 0.9� score = 0.
(msec): 427.36 – score =3.5; sex: 1 (male) – score = 0; age (y): 59 – score =5.1. T
creatine kinase, DT = the E wave velocity deceleration time, QTc = corrected Q

6

low-risk patients (total score � 24 points), the sensitivity was
81.8%, the specificity was 96%, the PPV 96%, and the NPV
100%.

4. Discussion

To our knowledge, our model is the first risk-prediction
nomogram attempting to evaluate in-hospital mortality in
patients with acute poisoning. In the field of toxicology, the
c alcohol that did not survive. A line is drawn downward from the value of each
re, and a line is drawn upward to find the risk of mortality. Death probability
2; initial CKMB (ng/mL): 7.94� score = 0.4; DT (msec): 278 – score = 6.3; QTc
otal score = 25.5, with a death probability of 0.68. CKMB=MB isoenzyme of

T interval.



Figure 4. Risk-prediction nomogram in a patient with acute poisoning from toxic alcohol that survived. Death probability estimation: K+ (mmol/L): 3.7� score=5.8;
initial lactate (mmol/L): 1.3 � score=0.5; initial CKMB (ng/mL): 7.3 � score=0.4; DT (msec): 251 – score=5.6; QTc (msec): 258.7 – score= 2.1; sex: 1 (male) –
score=0; age (y): 68 – score=5.8. The total score = 20.2, with a death probability of 0.004.
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nomograms currently available are used for the identification of
the benefits of antidote therapy in acetaminophen-poisoning and
for toxicity or arrhythmia risk assessment, with some nomo-
grams also used in clinical practice.[5–7] There have been recent
attempts to generate a nomogram for choosing the appropriate
duration of hemodialysis in acute methanol poisoning.[17]

A nomogram is a graphical representation of a mathematical
formula or algorithm incorporating several predictors modeled
as continuous variables to predict an end-point, based on
traditional statistical methods, such as multivariable logistic
regression and Cox proportional hazards analysis.[1] Nomo-
grams also provide superior individualized disease-related risk
estimations that facilitate patient management-related decisions.
Nomograms are currently the most accurate available tools, with
the greatest discriminating characteristics for predicting out-
comes in patients with different oncologic pathologies,[1,3,18] or
in patients with heart failure.[19]

In the present study, we developed a predictive model
incorporating demographic, ECG and echocardiography param-
eters, as well as laboratory data, from a cohort of patients with
acute poisoning with different toxins, to determine the mortality
risk on admission to the ED.
Table 5

The AUC of the ROC curves for the nomogram and variables from lo

Derivation cohort

AUC 95% CI P

Nomogram variable 0.976 0.954–0.998 <

Age 0.803 0.702–0.905 <

QTc interval 0.679 0.526–0.831
DT 0.841 0.737–0.944 <

CKMB 0.690 0.572–0.809
Lactate 0.737 0.577–0.898
K+ 0.658 0.471–0.844

AUC= area under the curve, CKMB=MB isoenzyme of creatine kinase, DT=E wave velocity decelerat
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The significant independent covariates for the mortality risk in
the present study were age, DT as a measure of impaired LV
diastolic function, initial lactate level, CKMB as a marker of
myocardial injury, the QTc interval, and the potassium level.
Furthermore, we used sex as a categorical variable.
Using these factors, we constructed a nomogram providing

more precise, simple, and rapidly available risk-analysis
information for individual patients acutely exposed to a poison,
irrespective of type (drug, chemical, or gas), toxicokinetics,
dosage, and route of entry. The information is based on objective
markers, such as laboratory tests and imaging parameters, and
not on clinical scales which may be applied subjectively by
physicians according to different levels of expertise. In cases of
acute poisoning involving unresponsive patients in the ED, with
no knowledge of the type, dose, or serum levels of the offending
toxin, this predictive nomogrammay aid emergency physicians to
identify high-risk patients more promptly, enabling the adminis-
tration of specific or aggressive therapy, or the immediate referral
of the patient to an ICU with advanced capacity, to reduce
mortality. Nomogram use may not only facilitate early
management decision making, but may also minimize unneces-
sary tests and expenses. In the example presented in the Results
gistic regression model in derivation and validation cohort.

Validation cohort

value AUC 95% CI P value

0.001 0.949 0.879–1.000 <0.001
0.001 0.805 0.689–0.922 0.001
0.018 0.664 0.450–0.878 0.072
0.001 0.787 0.673–0.900 0.002
0.012 0.757 0.632–0.882 0.005
0.002 0.657 0.474–0.840 0.085
0.038 0.606 0.372–0.841 0.244

ion time, K+=potassium, ROC= receiver operator characteristic.
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Figure 5. Receiver operating characteristic curves validate the discriminatory
power of the nomogram predictive for mortality in the validation cohort. Areas
under the curves: nomogram probability – 0.949 (95% confidence interval
0.879–1.000, P<0.001); predicted probability using the developed
model–0.957 (95% confidence interval 0.892–1.000, P<0.001).

Lionte et al. Medicine (2017) 96:12 Medicine
section, the use of the nomogram in the EDwould have identified,
on admission, the patient with a low risk of death, and would
have helped to choose a different approach, for example,
admission to a non-ICU ward and avoidance of hemodialysis.
The in-hospital mortality predictors detected in our model are

consistent with other published reports of patients hospitalized
with acute poisoning. Retrospective studies found that prolonged
QTc interval, older age, increased arterial lactate upon admis-
sion, or myocardial injury were associated with in-hospital
mortality following exposure to different types of poison.[20–24]

Our previous research showed that there are objective indicators,
available in the ED, that can predict a poor outcome in patients
exposed to systemic poisons, such as cardiac biomarkers, and
lactate.[25]

In this prospective study, we confirmed the predictive role for
death of increased age, initial lactate level, CKMB, and prolonged
QTc interval; we also identified new variables, such as DT, and
K+ levels, which accurately predicted the mortality risk. These
findings confirm the relevance of these variables as prognostic
factors in a representative sample of the population with acute
poisoning due to a range of toxins.
Acute poisonings represent a problem in both developed and

developing regions worldwide. In Romania, epidemiological data
suggest that acute drug poisoning in suicide attempts is the most
common reason for hospitalization of patients with poisoning
(97.27%) and poisoning more frequently occurs due to a
combination of drugs (32.92%), with a mortality rate of
0.3%.[26] Self-poisoning with organophosphate pesticides in
our area showed amortality rate of 3.8%.[27]Most of the patients
in our study with acute poisoning had attempted suicide, using
drugs or a combination of poisons, comparable with the
distribution reported in studies from the United States, or
Central Europe.[28,29]

High troponin levels have been reported to be associated with
an increased mortality risk in acute drug poisoning,[30] although
this finding could not be corroborated by our model. However,
the number of patients with readings above the normal rangemay
not have been sufficiently large to detect any evidence of this
8

association after acute exposure to heterogeneous drugs and
nonpharmaceutical agents.
Our results confirmed that the parameters assessing early acute

myocardial injury, such as prolonged DT, which reflects diastolic
dysfunction, are predictive of mortality. This is consistent with
the findings reported for carbon monoxide poisoning, where
diastolic dysfunction precedes systolic dysfunction of the left
ventricle, even in the absence of ECG changes.[31,32]

We also found that potassium levels have a potential role
in mortality risk-prediction in patients with acute poisoning,
contrary to previous research on self-poisoning with different
types of medication which failed to demonstrate that abnormal
K+ levels were a life-threatening event requiring emergency
treatment and/or ICU admission.[33] This finding may be
explained by the heterogeneity of the poisons used and the
proportion of nonpharmaceutical agents (33.3%) in our cohort.
However, researchers have demonstrated that an increased in-
hospital mortality rate is significantly associated with severe
underlying disease and coexisting medical conditions, as well as
with a severe increase in K+ levels.[34]

Although hyperglycemia is not a common feature of
overdose,[35] the admission levels of blood glucose following
acute poisoning may be associated with clinical outcome.[36] The
association between glucose levels and mortality in patients with
organophosphate and methanol poisoning has been prov-
en.[37,38] We did not include glucose levels in the nomogram,
based on the results of multivariate analysis.
The mortality rate in our cohort was comparable to that on

reported in other prospective observational studies (9.7%)
poisoning due to a combination of drugs,[39] and lower than
pesticide-related fatalities (25.31%) reported in retrospective
studies.[40] However, our mortality rate was higher than that
reported in 2012 by the American Association of Poison Control
Centers, concluding that only 1% of fatalities were exposure-
related.[41] A possible explanation for the higher fatality rate in
our cohort could be the fact that some antidotes are unavailable
in our country, such as 4-methylpyrazole (for toxic alcohols), and
Digoxin Immune Fab (for digitalis glycosides).
Our results demonstrated the benefits of the nomogram used as

a decision making-support tool by emergency physicians in
patients with acute poisoning with drugs and nonpharmaceutical
agents. This risk-prediction nomogram may have an advantage
over traditional tools, such as GCS, PSS, or other clinical scores,
because the association between predictors (age, sex, QTc
interval, DT, CKMB, lactate and K+) and the predicted variable
(death) is visible at a glance. This advantage may be particularly
useful in areas where the nomogram user can choose the values of
the covariates (e.g., a physician making management decisions
involving several factors).
Some limitations of this study should be mentioned. First, the

data were collected from a single tertiary center. Findings from
our study may not be generalizable to other populations of
patients with acute poisoning, although the epidemiological data
in our area are consistent with those reported in different regions
of the world.[28,29] Second, this was an observational study, so it
is possible that there are unmeasured systematic biases that are
specific to the region. However, there is no a priori reason to
assume that local practices or facilities differ substantially from
elsewhere, and demographic effects are incorporated in the
nomogram itself. It is reasonable to assume that the nomogram
can be broadly applicable, at least within a nondiabetic
adult population with acute poisoning with drugs and non-
pharmaceutical agents. Third, further nomograms, as well as
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improvements in existing nomograms, are required, as none of
the existing nomograms are able to make predictions with perfect
accuracy. We could not account for the impact of the time to ED
presentation, after acute exposure, the toxicokinetics, and the
serum poison level on mortality in our cohort. We did not use a
simplified model without including DT, despite the fact that
performing bedside echocardiography on admission may be
difficult in some EDs. Finally, no data on outcome after hospital
discharge were available, and death occurring after discharge
may have been missed. Novel biomarkers, larger data sets,
improved data collection methods, and more sophisticated
modeling procedures are needed to improve predictive accuracy.
We intend to continue the research to validate this nomogram

in a separate prospective trial, involving a larger dataset of
patients with acute poisoning and including poison with local
effects, as well as diabetic subjects.
5. Conclusions

We developed a 7-variable risk-prediction nomogram based on
demographic, routine laboratory tests, and ECG and echocardi-
ography parameters, which accurately predicts the probability of
in-hospital mortality for nondiabetic subjects acutely exposed to
drugs and nonpharmaceutical agents, exclusively from the
objective tests available in the ED. This nomogram used in
cases of acute poisoning with drugs and non-pharmaceutical
agents has the potential to identify high-risk patients upon
presentation to the ED. Further research is required to
demonstrate how this nomogram applies to other populations
(for example, to subjects under 18 years, different ethnic groups,
and patients with caustic exposure) and to elucidate how the
incorporation of this tool into clinical practice improves the care
or use of resources in patients with acute poisoning.
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