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Abstract

The objective of this study was to evaluate the precision of survival predictions for severely
injured patients by comparing logistic regression and discriminant analyses. Survival was
defined as in-hospital survival, from the initiation of treatment to discharge from the
hospital. The study utilized group classification accuracy as a measure to evaluate the
efficacy of each method. Data analysis was conducted using severely traumatized patients
recruited from the trauma center of Maharaj Nakorn Chiang Mai Hospital. The findings
indicated that logistic regression analysis revealed a significant link between survival in
severely injured patients and hospital arrival duration, respiratory rate, and blood lactate
levels. This model achieved 95.0% accuracy in overall group classification. In contrast,
discriminant analysis shows that blood pressure, respiratory rate, Glasgow Coma Scale,
and blood lactate levels were significantly associated with trauma patient survival. The
discriminant analysis demonstrated an overall classification accuracy of 93.0%.

Keywords: logistic regression; discriminant analysis; survival; emergency; injury
prevention

1. Introduction

Emergency management of patients with severe trauma is critically important, requiring
careful and appropriate medical intervention. Monitoring and assessment of patients are
based on physiological and anatomical principles, including evaluation of vital signs,
physical injury status, and consciousness level. Observable external responses typically
serve as the basis for these assessments. However, cellular-level injury assessment is also
essential, as it provides deeper insights into the patient’s condition (Blow et al., 1999;
Claridge et al., 2000; Meregalli et al., 2004). A rapid method for assessing cellular-level
injury involves measuring blood lactate levels, which serve as a sensitive and specific
biomarker. Blood lactate levels are used to predict the severity of illness and function as a
prognostic indicator of mortality. Furthermore, they are also employed to evaluate cellular
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damage in critically ill patients with bloodstream infections and in severely injured patients
(Mikkelsen et al., 2009; Moon et al., 2011; Lee et al., 2012)

Nevertheless, blood lactate levels alone may not serve as a comprehensive
predictor of survival outcomes in severely injured patients. It is advisable to integrate this
measure with additional clinical data to conduct a thorough assessment of the patient's
condition. Relevant factors include age, gender, time to emergency room arrival, level of
consciousness, cause of injury, injury severity, and the physiological response post-injury
(Lai et al., 2018; Yucel et al., 2018; Yadollahi, 2019). Treatment outcomes can vary
significantly, with increased survival probability contingent upon prompt and
comprehensive care delivery.

This study utilized logistic regression and discriminant analyses to investigate
factors associated with survival in severely injured patients and to predict the likelihood of
mortality or survival. These two analytical techniques are frequently employed for
classification and prediction in diverse disciplines. For instance, Tanupattarasorn et al.
(2024) applied logistic regression to analyze the prevalence of dental caries and estimated
the adjusted prevalence percentage. Viboonkit et al. (2024) employed discriminant analysis
to examine the morphological variation of short mackerel in Thailand and evaluate the
pattern of morphological variation between samples. In medicine, these methods have
been used to predict disease outcomes. For example, logistic regression has been
employed to examine the relationship between survival factors and traffic accident victims
treated at a tertiary hospital in Phuket (Wongvatanakit et al., 2019). The study findings
indicated that injury severity was the only factor associated with survival. Research on
patient survival during hospital transport for motor vehicle accident victims in Thailand
(Pooncharoen et al., 2019) revealed that factors influencing patient survival included
gender, duration of initial treatment at the scene, duration of the transport from the scene
to the hospital, and injury characteristics. Additionally, other studies (Yadollahi et al., 2017;
Kunitake et al., 2018; Ostermann et al., 2018; Noland et al., 2019; Janthasri et al., 2020)
have shown that post-injury bodily response, level of consciousness, cause of injury, injury
severity, and age are factors related to survival in severely injured patients. Discriminant
analysis has also been extensively used in research to predict the survival of patients with
trauma (DeMaria et al., 1987; Ahmed et al., 2020; Boeira et al., 2023; Wu et al., 2023).

However, while several studies have compared logistic regression and
discriminant analysis studies (Panagiotakos, 2006; Abdulgader, 2015; Kitbumrungrat,
2017; Sujarittham, 2018; Feng et al., 2019; Peerapan & Pasunon, 2019; Tonglore et al.,
2023), none have specifically examined these two methods for predicting survival in
severely injured patients. Thus, the objective of this study is to compare survival prediction
accuracy for severely injured patients admitted to the emergency department using logistic
regression and discriminant analysis. The aim is to achieve the highest predictive accuracy,
facilitate precise treatment decisions, prevent adverse outcomes from delayed care, and
provide a strategy to reduce the mortality risk for critically injured patients.

2. Materials and Methods

This study used secondary data collected from 100 severely injured patients admitted to
the Emergency and Trauma Department at Maharaj Nakorn Chiang Mai Hospital
(Tangchaisuriya et al., 2019). Patients with severe injuries were identified using a
physiological response assessment tool following trauma, especially the Revised Trauma
Score (RTS), which was employed to assess patients promptly upon their arrival in the
emergency room. The RTS scoring system comprises three physiological parameters: the
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degree of consciousness as measured by the Glasgow Coma Scale (GCS), systolic blood
pressure, and respiration rate. Each metric was assigned a coded value ranging from 0 to
4, where 0 signifies critical severity and 4 denotes normal physiological function (Champion
et al., 1989).

The exclusion criteria for this study were as follows: (1) patients with underlying
chronic diseases such as liver disease, chronic renal failure, diabetes mellitus,
cardiovascular disease, malignancy, chronic lung disease, and HIV infection; (2) patients
taking medications that may affect blood lactate levels, including NRTIs (e.g., Stavudine,
Zidovudine, Lamivudine), metformin, nitroprusside, isoniazid, and potassium cyanide; (3)
patients referred from other hospitals without pre-treatment lactate data; (4) patients with
burn injuries; and (5) pregnant patients. Therefore, detailed data on excluded patients were
not available in the dataset. However, these variables may influence survival outcomes
and should be considered in future studies.

To develop a predictive model for survival, various factors were considered,
including gender, age (years), time to hospital admission (minutes), systolic blood pressure
(mmHg), heart rate (beats per minute), respiratory rate (breaths per minute), Glasgow
Coma Scale score, and blood lactate levels (mmol/L). In this context, survival refers to in-
hospital survival, which included the time from the start of treatment until the patient was
discharged from the hospital. In contrast, non-survival cases were identified as in-hospital
mortality (Tangchaisuriya et al., 2019). We focused on predicting survival in severely
injured patients using logistic regression and discriminant analyses, despite the potential
to create multiple model structures with these factors. Data analysis was conducted using
R: version 4.3.1 (R Core Team, 2023). The analytical details for each method are outlined
below.

2.1 Logistic regression analysis

Logistic regression analysis is a technique that predicts the probability of an event or
classifies data into groups. It is particularly useful for binary classifications, but it can also
be applied to multiple group classifications. An effective logistic regression model should
include appropriate independent variables that closely predict the probability of the event
of interest. In this study, the dependent variable is binary, and there are p independent
variables expected to influence it. The logistic regression model can express a linear
relationship as follows:

logit(P(Y)) = By + f1X1+.... +6,X, (1)

To predict the probability of the event of interest, the equation can be written as
follows:

pey) = exp(Bo + o X1+.... +B,X,) (2)
¥) =
1+ exp(Bo + B X1 +.... +BpX;)

where P(Y) represents the probability of the outcome occurring.

Bo represents the intercept.

B; represents the coefficients for each independent variable
where j=1,2,..,p.

X; represents each independent variable where j = 1,2, ..., p.
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This study identifies eight independent variables (p = 8): gender, age, time to
hospital admission, systolic blood pressure, heart rate, respiratory rate, Glasgow Coma
Scale score, and blood lactate levels.

We estimated the parameters using the Maximum Likelihood Estimate (MLE)
method (McCullagh & Nelder, 1989). This process began by estimating the coefficients of
the variables, using these estimates to construct an equation based on the data, and then
iteratively recalculating to update the coefficients until they stabilize, achieving maximum
likelihood for accurate prediction of the dependent variable. Subsequently, we evaluate the
model's fit using the Hosmer and Lemeshow test. We evaluated the significance of the
regression coefficients utilizing the Wald statistic at a significance level of 0.05. Finally, we
assessed predictive accuracy through a classification table.

2.2 Discriminant analysis

Discriminant analysis is a statistical method similar to logistic regression regarding the
dependent variable and equation configuration. The purpose was to find criteria for group
classification and to formulate an optimal discriminant equation based on the data that can
subsequently be utilized to predict the group of new samples with unknown group
membership (Zelterman, 2022). Discriminant analysis requires that independent variables
adhere to a normal distribution and that the covariance matrices of the independent
variables are equal across groups (Hair et al., 2006). The relationship between the
dependent and independent variables is linear. This study classifies patients into two
groups: those who survived severe injuries and those who did not. The discriminant
function is represented as follows:

D; = a; + BuXiy + iz Xize ... +BipXip (3)

Where D; represents the discriminant score of group i where i = 1,2
a; represents the constant of group i where i = 1,2
pi; represents the coefficients for each independent variable of group
i and predictor j where i =1,2 andj=1,2,..,p
X;; represents the independent variable of group i and predictor j
where i =12 and j=12,..,p

This study identified eight independent variables: gender, age, time to hospital
admission, systolic blood pressure, heart rate, respiratory rate, Glasgow Coma Scale
score, and blood lactate levels. Next, we performed variable selection using a stepwise
method, adding each independent variable to the equation one by one. Each selected
variable must significantly enhance the discriminative power of the function. Once we
developed the equation, we used it to predict group membership of the dependent variable
by substituting the values of the independent variables for a new observation, then
calculating the discriminant score. The observation was assigned to the group with the
higher discriminant score (Vanichbuncha, 2021).
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3. Results and Discussion

We recognize that patients with severe trauma form a diverse group, and their
survival is affected by many factors, such as the type and location of their injuries,
underlying health conditions, and prior medication use. This study applied exclusion criteria
to minimize clinical variability. The study excluded patients with chronic diseases (e.g., liver
disease, chronic renal failure, diabetes mellitus, cardiovascular disease, cancer, chronic
lung disease, and HIV infection), taking medications known to affect blood lactate levels
(e.g., NRTIs, metformin, nitroprusside), burn injury patients, pregnant patients, and those
without pre-treatment lactate data. Despite controlling for key clinical factors by excluding
patients with chronic diseases or relevant medications, our study was limited by the
absence of trauma details (e.g., injury type or location). Incorporating such data in future
models could further improve predictive accuracy and clinical applicability. The results from
the data analysis using logistic regression and discriminant analysis are shown in Table 1.

Table 1. Description of each variable and abbreviations

Variables Description
sur Patient survivor outcome (0 = non-survivor, 1 = survivor)
gender gender (0 = female, 1 = male)
age age (year)
time time to hospital admission (minute)
BP systolic blood pressure (mmHg)
PR heart rate (beats per minute)
RR respiratory rate (breaths per minute)
GCS Glasgow Coma Scale score
BL blood lactate levels (mmol/L)

Data from 100 severely injured patients were also analyzed in this study, of whom
71 survived and 29 did not. Descriptive statistics of the independent variables presented in
Table 2 indicate that survivors exhibited significantly higher systolic blood pressure (BP)
compared to non-survivors. The Glasgow Coma Scale (GCS) scores for survivors
exceeded those of non-survivors, whereas non-survivors exhibited elevated blood lactate
(BL) levels compared to survivors.

Table 2. Characteristics of the injured patients by outcome

Outcome
Survivors Non-survivors
n 71 29
gender (Male) 59 25
age, mean (SD) 39.501 (17.055) 47.069 (19.203)
time, mean (SD) 30.789 (13.862) 32.069 (17.552)

BP, mean (SD)
PR, mean (SD)
RR, mean (SD)
GCS, mean (SD)
BL, mean (SD)

111.380 (34.883)
104.084 (22.602
23.732 (4.229
8.746 (3.012
5.584 (2.033

~— ~— ~— ~—

59.069 (20.017)
112.655 (28.088)
21.069 (4.566)
4.103 (1.566)
14.047 (6.223)
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Table 3 indicates that the independent variables that significantly correlated with
survival in severely injured patients were time to hospital (time), respiratory rate (RR), and
blood lactate (BL) at the 0.05 significance level. The model's fit was validated through the
Hosmer-Leme show test (p-value > 0.05), and the Nagelkerke R Square value was 0.836,
suggesting that the logistic regression model accounts for 83.6% of the variability in
survival probabilities for severely injured patients. The equation for logistic regression is
presented as follows:

logit(P(Y)) = 6.412 — 0.095Time + 0.301RR — 1.053BL

The Wilks' Lambda test results are shown in Table 4. They show that systolic blood
pressure (BP), respiratory rate (RR), GCS score, and blood lactate (BL) were significantly
different in the survival and non-survival groups at the 0.05 significance level (p-value <
0.05). These variables are thus important for classifying patient groups.

The assumptions underlying discriminant analysis were subsequently evaluated.
Independent variables must be multivariate normally distributed and have equal covariance
matrices across groups. Due to the initial failure of the four selected variables to satisfy the
normality requirement, data underwent transformation via the Box-Cox Transformation
(Box & Cox, 1964). The assessment of multivariate normality was conducted using a Chi-
square Q-Q plot, revealing that the majority of data points were closely aligned with the
reference line, exhibiting only minor deviations (Figure 1). Consequently, the variables BP,
RR, GCS, and BL displayed characteristics of approximate multivariate normality.

Table 3. The results of coefficient of logistic regression model

B S.E. Wald-test p-value
Intercept 6.412 2.984 4617 0.032
time -0.095 0.043 4.822 0.028
RR 0.301 0.110 7.448 0.006
BL -1.053 0.266 15.679 < 0.001

Hosmer-Lemeshow Test: x2= 6.304, p-value = 0.613
-2log likelihood = 32.350
Nagelkere R Square = 0.836

Table 4. Test of equality of group means for discriminant analysis

Variables Wilks’Lambda p-value

gender 0.999 0.704
age 0.963 0.055
time 0.998 0.700
BP 0.631 <0.001*
PR 0.975 0.113
RR 0.962 0.006*
GCS 0.613 <0.001*
BL 0.482 <0.001*
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Figure 1. Chi-square Q-Q plot for data set

Furthermore, the Szekely and Rizzo test was also used to check for multivariate
normality, and Box's M test was used to see if the covariance matrices were equal, as
shown in Table 5.

Table 5 indicates that at the 0.05 significance level, the four variables, BP, RR,
GCS, and BL, showed a multivariate normal distribution (p-value = 0.813). Additionally, the
covariance matrices for the survival and non-survival groups of severely injured patients
were equal (p-value = 0.115). A discriminant function was developed based on these
results, as presented in Table 6.

Table 5. Multivariate normal distribution and homogeneity of covariance matrices test
results

Multivariate Normal Distribution Covariance Matrices
Szekely and Rizzo p-value Box's M p-value
0.906 0.813 10.703 0.115

Table 6. Classification function coefficients

Coefficient
Non-survivors Survivors
Constant -2.557 -1.024
BP -1.085 0.482
RR -0.718 0.294
GCSs -1.065 0.492
BL 1.439 -0.554
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Table 6 demonstrates that the variables employed to categorize severely injured
patients were BP, RR, GCS, and BL, aligning with the group differences observed in
Table 4. The discriminant equations for each group are presented below:

Non survivor

Dponsur = —2.557 — 1.085BP — 0.718RR — 1.065GCS + 1.439BL
Survivor
Dsyr = —1.024 4+ 0.482BP + 0.294RR + 0.492GCS — 0.554BL

For classification, a new patient is assigned to the group with the higher
discriminant score.

Table 7 presents a comparison of model performance in terms of classification
accuracy. Logistic regression achieved a classification accuracy of 95%, whereas
discriminant analysis reached 93%. This indicates that logistic regression is slightly more
accurate than discriminant analysis, with a minimal difference of 2%. These findings are
consistent with previous studies (Panagiotakos, 2006; Abdulgader, 2015; Kitbumrungrat,
2017; Sujarittham, 2018; Peerapan & Pasunon, 2019; Tonglore et al., 2023) that concluded
both methods offered similar classification effectiveness. Furthermore, Halperin et al.
(1971) observed that logistic regression tended to yield superior performance when the
maijority of independent variables are qualitative.

Significant predictors for survival identified through logistic regression included
time to hospital arrival, respiratory rate, and blood lactate levels, whereas discriminant
analysis highlighted systolic blood pressure, respiratory rate, GCS score, and blood lactate
levels. Both models identified respiratory rate and blood lactate levels as shared significant
predictors for survival in severely injured patients, aligning with research by Odom et al.
(2013), and Pintatham and Plongniras (2022), who observed that these factors were critical
indicators for evaluating medical severity and informing treatment decisions to enhance
survival probabilities.

Although variables including gender, heart rate, and age demonstrate no
significant predictive value in either model, they are often regarded as important factors.
Their impact on survival predictions may be minimal when more direct health indicators
such as blood lactate levels and respiratory rates are included (Munter et al., 2017). This
result suggests that depending solely on traditional demographic and physiological
variables may not provide a comprehensive understanding of patient outcomes. Future
research should focus on integrating these indicators to improve the accuracy of survival
prediction in clinical settings.

This observation also raises significant concerns about the effectiveness of
traditional trauma scoring systems. Trauma scoring systems, including TRISS (Trauma
and Injury Severity Score) and RTS (Revised Trauma Score), have been widely used for
trauma prognostication for many years (Boyd et al., 1987; Champion et al., 1989).

However, these systems often depend on variables that may not be accessible or
that are challenging to calculate in real-time situations (Gabbe et al., 2003). In contrast,
our logistic regression model presents a simpler and highly accurate approach by utilizing
key clinical indicators, such as blood lactate levels and respiration rate, which can be
quickly measured in emergency settings. Based on our dataset and context, our model
achieves an accuracy rate of 95%, which exceeds the accuracy of traditional TRISS-based
predictions reported in previous studies, typically ranging from 80% to 90% (Demetriades
et al., 1998).
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Table 7. Comparison of classification accuracy of logistic regression and discriminant
analysis

Percentage Correct

Method Variable Non- Survivors Overall
survivors
Logistic regression time, RR, BL 93.1 95.8 95.0
Discriminant analysis  BP, RR, GCS, 96.6 91.5 93.0
BL

4. Conclusions

This study examined factors associated with survival in severely injured patients by
comparing prediction outcomes using two established statistical methods: logistic
regression and discriminant analysis. Logistic regression identified time to hospital arrival,
respiratory rate, and blood lactate levels as important predictors for survival, whereas
discriminant analysis emphasized systolic blood pressure, respiratory rate, GCS score, and
blood lactate levels. Both methods highlighted respiratory rate and blood lactate as shared
significant predictors for survival in severely injured patients. The classification results
indicated that logistic regression achieved slightly higher accuracy (95%) compared to
discriminant analysis (93%), suggesting a better performance of logistic regression in this
framework. However, both classification methods can be applied effectively to this dataset.
The results support the applicability of either method in similar clinical datasets, depending
on the specific context and analysis objectives. Therefore, it is important to evaluate the
characteristics of the data and the objectives of the analysis when selecting the best
method, since the choice can influence the identification of significant predictors and the
overall accuracy of survival predictions. Future research may employ data simulation
techniques to validate these findings against actual data and investigate the potential of
machine learning algorithms for improving prediction accuracy.
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