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Abstract

Background: Rapid prehospital assessment of hemorrhagic shock severity is critical
for trauma triage and intervention. Current non-invasive single-parameter monitoring
shows limited diagnostic reliability. We developed a multi-parameter predictive model
integrating mean arterial pressure (MAP), buccal mucosal CO, (Pg,CO,), transcutaneous
oxygen (P+0,), and pulse pressure variation (PPV). using K-nearest neighbors (KNN)
algorithm.

Methods: Forty-five Wistar rats were randomly divided into five groups (n=9) with dif-
ferent blood loss amounts. MAP, Pg,CO,, P+-O,, and PPV measurements were continu-
ously obtained. A multi-parameter shock severity prediction model was established
based on the KNN algorithm. Leave-one-out cross-validation was used to determine
the value of K. Meanwhile, a prediction model based on the support vector machine
(SVM) algorithm was established. The performance of the two prediction models

was compared using confusion matrices and receiver operating characteristic (ROC)
curve.

Results: When the training vs testing data set ratio is 7:3 or 6:4, and K=3, the KNN-
based model has the best prediction accuracy (94.82% and 93.51%). The confu-
sion matrix and ROC evaluation showed that the overall performance of the KNN-
based model is superior to that of the SVM-based model, at all levels of blood loss
(F1=95.09% and 93.99%, AUC=1 and 0.97 for the KNN-based model at 7:3 and 6:4
dataset ratio; F1=83.84% and 84.86%, AUC=0.97 and 0.97 for the SYM-based model
at 7:3 and 6:4 dataset ratio).

Conclusions: Using the detection indicators MAP, Pg,CO,, P1-O, and PPV, the KNN-
based rat hemorrhagic shock severity prediction model has high accuracy and stability,
and demonstrates potential feasibility for severity stratification of hemorrhagic shock
in standardized preclinical models, providing a foundation for future clinical validation
in prehospital environments.

Keywords: K-nearest neighbor algorithm, Hemorrhagic shock, Multi-parameter,
Prediction model
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Introduction

Hemorrhagic shock (HS) is a common complication after traumatic injury [1]. Fast and
effective assessment of the severity of blood loss in the injury before reaching the hospi-
tal can be of significant importance in triage and early treatment of the patient. Gener-
ally, the clinical diagnosis for the severity of hemorrhagic shock is by monitoring heart
rate (HR), blood pressure, urine volume, mental status, skin color and other indicators
[2—4]. Yet, in the early stage of shock, these indicators cannot truly reflect the severity
of shock due to compensatory effects. Moreover, the symptoms of pale skin, low blood
pressure and reduced urine volume are not symptoms specific of hemorrhagic shock [5].
Cardiac output (CO) is one of the more sensitive indicators of hemorrhagic shock. How-
ever, accurate measurement of CO depends mainly on invasive detection, which lim-
its its application in prehospital situations. Arterial blood lactate (ABL) has been widely
recognized as the “gold standard” indicator for the late diagnosis of hemorrhagic shock
[6]. However, ABL cannot be non-invasively monitored continuously, and therefore is
not suitable for guiding resuscitation during prehospital first aid or during transit. Espe-
cially in natural disasters (e.g., earthquake), traffic accidents or in combat situations, the
limitations of the above-mentioned detection indicators present challenges to medical
personnel to effectively assess the severity of shock in patients during the “critical time”
This can result in inaccurate classification of injuries, delayed transport and inappro-
priate recovery plan. In recent years, much research effort has been put into finding a
method for evaluating the severity of hemorrhagic shock before hospitalization.

Current methods for prehospital evaluating the severity of hemorrhagic shock are
mainly based on non-invasive detection of hemodynamics and oxygen metabolism indi-
cators [7-9]. In prehospital settings, however, the ECG waveforms are susceptible to
factors such as edema, body position, noise, etc. In contrast, pulse pressure variation
(PPV) is proven less affected by the environment and the availability of their non-inva-
sive measurement renders them much preferable to other indicators in prehospital set-
ting, and it is defined by the difference between the maximal and minimal pulse pressure
divided by the mean of these two values and is determined over one breathing cycle.
However, the data of PPV obtained by non-invasive method suffers from relatively low
accuracy at lower blood volume [10]. The compensatory reserve index (CRI) can accu-
rately quantify the severity of shock [4, 11], but its calibration requires a large sample
size, and is susceptible to the effects of individual differences. In contrast to hemody-
namic indicators, oxygen metabolism indicators can directly reflect microcirculation
and tissue perfusion, and the evaluation of shock severity using these indicators is more
direct and effective [12, 13]. Buccal mucosal CO, partial pressure (Pz;CO,) is the most
sensitive non-invasive detection indicator for oxygen metabolism. Its use in the quanti-
tative evaluation of the severity of hemorrhagic shock has been widely recognized [14].
However, the sensor for Py ;CO, detection is large and is susceptible to factors such as
oral temperature and microenvironment [15]. Thus, all the above-mentioned individual
non-invasive detection indicators each has its limitations, and cannot accurately reflect
the true situation of hemorrhagic shock. Therefore, some studies have tried to use a
combination of several non-invasive detection indicators to establish a new method for
the fast, accurate and quantitative assessment of hemorrhagic shock severity before hos-
pitalization [16, 17].



Zhao et al. BioMedical Engineering OnLine (2025) 24:62 Page 3 of 16

The multi-parameter model, leveraging physiological complementarity and feature
interaction, enables comprehensive coverage of disease pathology and supports more
accurate clinical decision-making [18, 19]. Recent reports have established multi-param-
eter prediction models for hemorrhagic shock evaluation using logistic regression (LR),
neural networks (NN), random forest (RF), and support vector machines (SVM), etc.,
and have obtained high accuracy [20-22]. Kim et al. used multiple detection indica-
tors to establish a mortality prediction model with variable selection, and indicated that
the SVM-based model with blood lactate concentration (LC) and a new hemorrhage-
induced severity index (NI, NI =LC/perfusion index (PI)) as important variables had
better sensitivity (1.000) and area under curve (0.972) than the LR, NN and RF mod-
els [20]. Choi et al. also attempted to compare three popular machine learning algo-
rithms using NI, PI, diastolic blood pressure (DBP) and mean arterial pressure (MAP)
as the optimal variables for predicting the Advanced Trauma Life Support hemorrhagic
shock class in rats, and confirmed that the SVM-based model had the highest accuracy
of 80.8% [21]. Further, Natasa et al. established the SVM-based model for discriminat-
ing between hypovolemia and euvolemia using photoplethysmography (PPG) signals of
the human body, and obtained the best overall accuracy of 88.38% [22]. However, of the
indicators used, PPG are difficult to measure in prehospital setting due to motion arti-
facts and insufficient perfusion (such as shock) in patients in the pre-hospital scene, skin
dirt, vasoconstriction caused by sweating or cold exposure, etc. [23, 24], the SVM-based
model has not yet used the key oxygen metabolism indicators, which may be the reason
for its low accuracy.

Our previous work has been focused on the method of combining hemodynamic and
oxygen metabolism indicators to evaluate the hemorrhagic shock severity. We were also
based on the commonly used clinical indicators MAP, HR, Py;CO,, and shock index (SI
=HR/systolic and diastolic blood pressures), to establish a SVM-based model in rats,
and obtained higher accuracy (90.88%), but the reliability was worse [25]. In the pre-
sent work, we improved the non-invasive measurement method of Pp;CO, and intro-
duced transcutaneous oxygen partial pressure (P1-O,) which is an oxygen metabolism
indicator suitable for prehospital detecting, and used PPV instead of HR and SI. And we
hypothesized that the K-nearest neighbor (KNN) algorithm in the advantage of small
sample size, multi-modal and nonlinear classification would achieve higher accuracy
and reliability than current methods in the multi-parameter prediction model, using the
above-mentioned four indicators of hemorrhagic shock severity in rats. We also tested
the accuracy, overall performance and comprehensive prediction ability of our KNN-
based model against the SVM-based model for validation.

Results

Dataset

The data collected by the experiment are normally distributed. Table 1 shows the base-
line of the experimental data. There were no significant baseline differences in the same
physiological indicators (MAP, Py ;CO,, P1-O,, or PPV) between different groups of
rats. The four physiological indexes (MAP, Pp;CO,, P1-O, and PPV) measured at 15
min intervals in each blood loss group are shown in Fig. 1. Table 2 shows the statistical
comparison results. As shown in Table 2, the differences are significant, both between
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Table 1 Baseline characteristics

Group n MAP Pg,CO, PO, PPV
Sham 9 112,67 +£9.22 3503 +1.72 62.50 +548 560 +2.21
25% blood loss 9 13200 +7.21 3403 +1.35 65.00 +6.49 6.17 £242
30% blood loss 9 130.00 +10.00 3467 +1.72 62.83 +4.16 457 +040
35% blood loss 9 123.00 +7.00 3550+1.35 60.77 £6.55 6.13 +1.86
40% blood loss 9 120.00 +6.46 3563 +1.16 62.30 +4.69 460157
All data are presented as mean +SD
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Fig. 1 Measurement of the four physiological indicators in different blood loss groups over time. (@) MAP. (b)
PguCO.. (€) PcO.. (d) PPV. All data are presented as mean =+ SD. 25%, 30%, 35% and 40% vs sham, *p < 0.05;
30%, 35% and 40% vs 25%, Tp < 0.05; 35% and 40% vs 30%, #p < 0.05; 40% vs 35%, §p <0.05

Table 2 £ and P values of ANOVAs

Factors Variables FValue PValue
MAP Group 18.079 <0.001
Time 297.786 <0.001
Group*Time 12915 < 0.001
Ps,CO, Group 168.284 < 0.001
Time 1207.186 < 0.001
Group*Time 191.837 < 0.001
P:cO, Group 6.964 <0.001
Time 892411 <0.001
Group*Time 89.913 < 0.001
PPV Group 54.769 < 0.001
Time 444178 < 0.001
Group*Time 46.308 < 0.001
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Fig. 2 Classification accuracy at different K values

Table 3 Classification accuracy at different K values and different training vs test set ratios

K Value Training set vs testing set
9:1 8:2 7:3 6:4 5:5 4:6 3:7 2:8 1:9
100 89.74 94.82 93.51 84.38 81.03 80 76.62 73.99
4 100 9231 89.66 90.91 8542 83.62 80.74 7727 73.99

groups and between time points, in all four physiological indexes (p< 0.001). There is
also interaction between grouping and time (p< 0.001). Based on this, all data can be
used to build the data set.

Determination of model parameters

KNN-based prediction model

The value of K was varied from 1 to 20. Figure 2 shows the accuracy measured by the
leave-one-out validation method for each K value. It is shown that when the K< 4, this
model provides classification with high accuracy. Considering that the K value must not
be too small, we took the K value of 3 and 4, and further tested the classification accu-
racy by varying the training set to test set ratio. The results are shown in Table 3. It can
be seen that when training vs test set ratio is larger than 1, the classification accuracy can
reach higher than 90%. In practical model building, K is usually an odd number, so as to
avoid ambiguity. Therefore, in this study, the K value was set as 3.

Multi-parameter prediction model based on the SVM algorithm
In the SVM model, the penalty parameter C was set as 1, and the y parameter is the
inverse of the feature space dimension (i.e., levels of blood loss), 1/4.

Validation of the classification results

Due to limited sample size, setting the ratio of the training set to test set too high is likely
to cause overfitting. Therefore, we tested accuracy of our classification models using the
training vs test set ratios of 7:3 and 6:4. As shown in Table 3, when K= 3, the KNN-based

Page 5 of 16
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classification model has an accuracy of 94.82% (at 7:3) or 93.51% (at 6:4), while SVM-
based classification model has an accuracy of 82.76% (at 7:3) or 84.42% (at 6:4). It shows
that the KNN-based classification model achieved a higher accuracy than does the SVM-
based classification model.

Evaluation result using confusion matrix

The normalized confusion matrices of the KNN- and SVM- based models at the two
data set ratios are shown in Fig. 3, where the columns are the actual classification and
the rows are the predicted classification. The precision, recall, and F1-score of the two
models at 7:3 and 6:4 data set ratios were derived from Fig. 3, and are presented in
Tables 4 and 5, respectively.

The KNN-based model has higher accuracy than the SVM-based model at the 25%
and 35% blood loss level, and the SVM-based model has a higher accuracy at the 30%
blood loss level. Overall, the average accuracy using the KNN-based model, 95.45% (at
7:3) or 94.23% (at 6:4), is higher than using the SVM-based model, which is 87.35% (at
7:3) or 88.10% (at 6:4), respectively.

At all levels of blood loss, the KNN-based model has a recall rate higher than the
SVM-based model. The average recall rate of all blood loss levels using the KNN-based
model is 95.06% (at 7:3) or 94% (at 6:4,).

a Normalized confusion Matrix b Normalized confusion Matrix
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0.8 0.8
© ©
o ()]
2 2
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Fig. 3 Normalized confusion matrices for the KNN- and SVM- based multi-parameter prediction models.
(@) confusion matrix for the KNN-based model at 7:3 data set ratio. (b) confusion matrix for the KNN-based
model at 6:4 data set ratio. (c) confusion matrix for the SYM-based model at 7:3 data set ratio. (d) confusion
matrix for the SYM-based model at 6:4 data set ratio
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Table 4 Precision, Recall rate and F-1 score of the KNN- and SVM- based models at the training vs
test set ratio of 7:3

Group KNN SVM

Precision (%) Recall (%) F1-score (%) Precision (%) Recall (%) F1-score (%)

25% blood loss  93.46 100 96.62 67.11 100 80.32
30% blood loss  94.34 100 97.09 100 83 91.71
35% blood loss ~ 93.94 93 9347 82.29 79 80.61
40% blood loss 100 87.25 93.19 100 72 83.72
avg/total 95.45 95.06 95.09 87.35 83.50 83.84

Table 5 Precision, Recall rate and F-1 score of the KNN- and SYM- based models at the training vs
test set ratio of 6:4

Group (%) KNN SVM

Precision (%) Recall (%) F1-score (%) Precision (%) Recall (%) F1-score (%)

25% blood loss  87.16 95 91.08 68.03 100 84.02
30% blood loss ~ 95.24 100 97.62 100 82 91.00
35% blood loss ~ 94.51 86 90.26 84.38 81 82.69
40% blood loss 100 95 97.50 100 75 87.5

avg/total 94.23 94 94.12 88.10 84.50 86.30

The average F1l-score of all blood loss levels using the KNN-based model is 95.09%
(at 7:3) or 93.99% (at 6:4), higher than the average F1-score of all blood loss levels using
the SVM-based model (83.84% and 84.86%, respectively). These results indicate that the
KNN-based classification model has superior performance over the SVM-based model.

Evaluation results using ROC curve and AUC
The ROC curves and AUCs for the KNN-based model and the SVM-based model at data
ratio of 7:3 and 6:4 are shown in Fig. 4.

Compared to the SVM-based model, the individual and the average ROCs of the KNN-
based model are closer to the top left corner, especially when the training to test set ratio
is 7:3. This shows that the KNN-based multi-parameter prediction model performed
better than did the SVM-based model, in both individual and overall classification.

As shown in Fig. 4a and b, the AUC of prediction accuracy using the KNN-based
model was 1.00, 1.00, 1.00 and 1.00 for 25%, 30%, 35%, and 40% blood loss, respectively,
at 7:3 training to test set ratio, and 0.97, 1.00, 0.92 and 1.00, respectively, at 6:4 training
to test set ratio. The micro- and macro- averaged AUCs are 1.00 and 1.00 (at 7:3 data set
ratio), respectively, and 0.97 and 0.97 (at 6:4 data set ratio), respectively.

As shown in Fig. 4c and d, the AUC of prediction accuracy using the SVM-based
model was 0.97, 0.99, 0.93, and 0.97 for 25%, 30%, 35%, and 40% blood loss, respectively,
at 7:3 training to test set ratio, and 0.96, 0.99, 0.90 and 0.99, respectively, at 6:4 training
to test set ratio. The micro- and macro- averaged AUCs are 0.97 and 0.97 (at 7:3 data set
ratio), respectively, and 0.96 and 0.97 (at 6:4 data set ratio), respectively.

The above results demonstrated that, the overall performance of the KNN-based
model is superior to the SVM-based model. Especially when the training to test data set



Zhao et al. BioMedical Engineering OnLine (2025) 24:62 Page 8 of 16

a Some extension of Receiver operating characteristic to multi-class b Some extension of Receiver operating characteristic to multi-class

1045 1.0
..f /”
/”
084t St 08
L
] - ]
© e 1]
o t e o
v 0.6 - v 06
2 -~ z
G e G
3 - g
& - &
S04 o g 04
2 = micro-average ROC curve (area = 1.00) 2 k = micro-average ROC curve (area = 0.97)
%= macro-average ROC curve (area = 1.00) E -+ = macro-average ROC curve (area = 0.97)
i L ROC curve of class [0] (area = 1.00) 1 L ROC curve of class [0] (area = 0.97)
0240 pexll ROC curve of class [1] (area = 1.00) 0.21¢ ol ROC curve of class [1] (area = 1.00)
T e —— ROC curve of class [2] (area = 1.00) 0 e —— ROC curve of class [2] (area = 0.92)
|t ROC curve of class [3] (area = 1.00) -~ ROC curve of class [3] (area = 1.00)
0.0 4= 0.0 42
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

¢ Some extension of Receiver operating characteristic to multi-class d Some extension of Receiver operating characteristic to multi-class

104 o 10 PSR F—
R — P PCEEEEER R RN E R Y LR ]
1 e 21 e
082 /,/ 0.8 L
5 I F 9 e
2 5 L & -
4 . . = : -
g 061F —o 2 06 e
= g s . e
3 < g L
& L & -
$ 04 % S04 G
2 = ‘micro-average ROC curve (area = 0.97) 2 = micro-average ROC curve (area = 0.96)
%=+ macro-average ROC curve (area = 0.97) . _-**+ macro-average ROC curve (area = 0.97)
s ROC curve of class [0] (area = 0.97) b e ROC curve of class [0] (area = 0.96)
0.2 ,/’ ROC curve of class [1] (area = 0.99) 0.24f ,/’ ROC curve of class [1] (area = 0.99)
g —— ROC curve of class [2] (area = 0.93) t L —— ROC curve of class [2] (area = 0.90)
g ROC curve of class [3] (area = 0.97) et ROC curve of class [3] (area = 0.99)
0.0 4= 0.0 42
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

Fig. 4 ROC curve and AUC evaluation for the KNN- and SVM- based models at 7:3 and 6:4 training to test
set ratios. (@) ROC curve and AUC evaluation for the KNN-based model at 7:3 data set ratio. (b) ROC curve
and AUC evaluation for the KNN-based model at 6:4 data set ratio. (¢) ROC curve and AUC evaluation for the
SVM-based model at 7:3 data set ratio. (d) ROC curve and AUC evaluation for the SVM-based model at 6:4
data set ratio. class [0], 25% blood loss; class [1], 30% blood loss; class [2], 35% blood loss; class [3], 40% blood
loss

ratio is 7:3, the AUC is 1 for both individual and average ROC curves, showing excellent
performance of the KNN-based model.

Discussion

To our knowledge, this study is the first to use MAP, Py ,CO,, P1-O, and PPV as physi-
ological indicators for the establishment of a KNN- or SVM- based multi-parameter
hemorrhagic shock severity prediction model. Using controlled hemorrhagic shock
in rats as animal model, the KNN-based model achieved high accuracy: 94.82% at 7:3
data set ratio, and 93.51% at 6:4 data set ratio, which are higher than the accuracy of the
SVM-based model. Evaluation by confusion matrix and by ROC curve showed that the
KNN-based model has higher F1-score (95.09 at 7:3 data set ratio and 94.12 at 6:4 data
set ratio) compared to the SVM-based model (83.84 at 7:3 data set ratio and 84.86 at 6:4
data set ratio), and higher AUC (1.00 at 7:3 data set ratio and 0.97 at 6:4 data set ratio)
compared to the SVM-based model (0.97 at both 7:3 and 6:4 data set ratio). These results
provide support that the KNN-based hemorrhagic shock severity prediction model has
higher accuracy and better overall performance than the SVM-based model.

The four non-invasive physiological indicators in this prediction model are, hemo-
dynamic indicators MAP and PPV, and oxygen metabolism indicators P ;CO, and
PO, As this study, in the hemorrhagic shock model, the mean MAP of the four
groups with different blood loss amounts all showed similar downward trajectories,
approached 30 mmHg at approximately 30 min, and the MAP rebounded after 30
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min. After hemorrhagic shock occurs, MAP can quickly reflect changes in blood vol-
ume and CO, and the amount of MAP decrease is positively correlated to the amount
of blood loss [26]. Clinically, it is a widely used indicator to guide fluid resuscitation [27,
28]. However, due to the compensatory mechanism, the change in MAP is not signifi-
cantly different between mild and moderate hemorrhagic shock [29]. While PPV has a
high level of linear correlation with the amount of blood loss and is an indicator that
can be easily obtained in prehospital environment using non-invasive method, the
accuracy of its measurement is limited by current non-invasive blood pressure meas-
urement techniques [30, 31]. The essence of shock is hypoxia of tissue cells, which fur-
ther causes damage such as severe microcirculation dysfunction, tissue hypoperfusion,
etc. Clinical studies have shown that the CO, content in tissues can reflect cellular oxy-
gen metabolism, and is helpful in determining tissue hypoperfusion and guiding fluid
resuscitation [32-34]. P5,CO, is proven to be the most sensitive non-invasive oxygen
metabolism indicator that reflects hemorrhagic shock [14, 15, 35]. It has high correla-
tion with other physiological parameters such as ABL, ABP, and BD. Our research group
has devoted much effort in developing non-invasive measurement methods for Py ,CO,
[15]. Recently, using the MEMS technology, we developed a new type of nano CO, sen-
sor that can be attached to the epidermis, which overcomes the problems of existing
electrochemical based CO, micro sensors — low accuracy, poor stability and difficulty in
fixation. Meanwhile, P+-O, is a clinically mature, easily accessible non-invasive oxygen
metabolism indicator, yet it can only reflect the oxygen content of local tissue microcir-
culation, and cannot fully replace the “gold standard’, the partial pressure of oxygen in
arterial blood (PaO,), which is an invasive indicator. The above-mentioned physiological
indicators reflect different aspects of the hemorrhagic shock pathology, yet each indi-
vidual indicator has its own limitations. Therefore, effective integration of these indica-
tors in the comprehensive evaluation of hemorrhagic shock severity, with good accuracy
and consistency, will be of significant clinical value in the early diagnosis and treatment
of hemorrhagic shock.

Literature evidence shows that the accuracy of SVM is higher than that of other popu-
lar machine learning algorithm models [21], but the KNN algorithm has strong adapt-
ability to small sample data [36, 37]. Given the limited sample size of this study, we
adopted SVM and KNN for double validation. The verification results show that both the
models based on KNN and SVM can predict the severity of hemorrhagic shock, but the
accuracy rate of the model based on knn is higher than that of the model based on SVM.
These results indicate that the prediction model we proposed in this work has impor-
tant implications in prehospital quantitative assessment of the severity of hemorrhagic
shock, potentially overcoming the limitations of diagnosis relying on a single-indicator.
If the detection of the above four indicators is further integrated on a wearable device
or multi-functional stretcher with Bluetooth communication, emergency personnel can
use mobile terminals (e.g., mobile phones, tablets) to calculate the blood loss through
the prediction model, which would provide an assisted decision-making for triage and
fluid resuscitation in prehospital setting.

Hemorrhagic shock mostly occurs in natural disasters, accidents, and in battle settings
[38]. Fast and accurate quantitative assessment of shock severity is of great significance for
improving the success rate of prehospital treatment for trauma patients [39, 40]. The results
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from this study have demonstrated that the KNN-based multi-parameter hemorrhagic
shock severity model is highly accurate, and showed the feasibility of this method, provid-
ing theoretical and technical support for subsequent research on automated and artificial
intelligence-driven prehospital rescue and treatment.

There are still limitations to this method, however. First, the data used to establish this
multi-parameter prediction model is from a rat model of controlled hemorrhagic shock,
while both civilian trauma victims and military combat wounded experienced uncontrolled
blood loss before effective hemostasis [41]. In the case, the changes of hemodynamics and
oxygen metabolism indicators, and even the mortality rate of shock, will be different from
those of the controlled one. Also, differences exist between rat and human circulatory sys-
tems. To apply this prediction model to humans, further large-animal models and clinical
research are needed to ensure its reliability and safety. Second, this study only used the uni-
versal function of the KNN algorithm and SVM algorithms, limited training sample data to
establish a prediction model, and verified the accuracy, sensitivity and specificity of the clas-
sification, and has not yet compared the differences between different distance functions
and large sample training sets. For better robustness, it is necessary to increase the sample
size and test more algorithm forms. Third, although there are many validated non-invasive
techniques measuring MAP, most of them are specially designed for human rather than
rats. Therefore, we applied an invasive pressure sensor in the experiment to obtain informa-
tion of MAP. In order to bolster confidence in our key finding, further research is required
to test whether the model can also achieve good performance when a non-invasive MAP
measurement on large animals is implemented. Fourth, the KNN algorithms and the SVM
algorithms used in this study are relatively common algorithms in machine learning, while
deep learning methods are becoming more mature and effective in multi-modal classifica-
tion in recent years. Future work can involve using the advantage of the KNN algorithm to
prune the training data set, and then build the multi-parameter prediction model based
on deep learning methods, such as convolutional neural networks, deep belief networks,
recurrent neural networks, etc., to further improve the speed, generalizability and credibil-
ity of this classification method while maintaining its high accuracy [42—-44]. So that it can
be used in clinical practice as soon as possible.

Conclusion

In summary, we established, for the first time, using the four physiological parameters of
MAP, Pg;CO,, P10, and PPV as non-invasive physiological indicators in prehospital con-
ditions, a multi-parameter prediction model for the severity of hemorrhagic shock based
on the KNN algorithm. This model achieved high accuracy in predicting different shock
levels, has good feasibility and stability, and demonstrates potential feasibility for severity
stratification of hemorrhagic shock in standardized preclinical models, providing a founda-
tion for future clinical validation in prehospital environments.

Materials and methods

Animal experiment

Animal

Forty-five male Wistar rats (Weight: 350 +50 g, Experimental Animal Center of Army
Military Medical University, Chongqing, China) were housed in specific pathogen-free
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(SPF) facilities under controlled environmental conditions, and randomly divided into
five groups of equal numbers (n =9), including a sham group that received only intuba-
tion without blood loss. The other four groups were subjected to controlled blood loss of
25%, 30%, 35% and 40% of the calculated total blood volume (Blood loss/total blood vol-
ume * 100%; total blood volume (ml) =body weight (g) * 6% [45]) evenly over a 30 min-
period. All experimental procedures were approved by the Laboratory Animal Welfare
and Ethics Committee of the Third Military Medical University.

Experimental protocol

Prior to experiments, animals were fasted for 12 h with free to drink water. At the begin-
ning of the experiment, the indoor ambient temperature was maintained at 22 +2 °C,
the humidity was maintained at 55 +5%, and the air was purified and disinfected. Surgi-
cal procedures took approximately 30 min, followed by a 15-min resting time. 15 min
after intubation surgery, controlled bleeding was performed from the left femoral artery
at a constant speed for 30 min, and the animals’ECG, MAP, P;,CO,, P1-O,, and pulse
wave indicators were continuously monitored for 1 h. The experimental protocol is
shown in Fig. 5.

Surgical procedures

Animals were anesthetized by intraperitoneal injection with 4.5% sodium pentobarbi-
tal (P3761, Sigma, USA), positioned supine on a thermostatic heating pad (37 +£0.5 °C),
and secured with limbs immobilized. During the surgical procedure, animals were main-
tained under spontaneous breathing. The abdominal and bilateral groin regions were
shaved and disinfected. Two polyethylene (PE 60) catheters were inserted into the left
and right femoral arteries, respectively. The left femoral artery catheter was connected
via a T-connection to a microinjection pump and a 10 mL syringe. The microinjection
pump is used to control bleeding. The syringe was used for heparinization with sodium
heparin solution (2 ml/kg). The right femoral artery catheter was connected to a pressure
sensor (MLT0380, AD Instruments, Bella Vista, Australia) for blood pressure measure-
ment. A flexible micro-nano CO, sensor, developed in our lab using micro-electrome-
chanical systems (MEMS) technology, was applied to the buccal mucosa to non-invasive
measure Py;CO,. Four transcutaneous sensors (E5250, Radiometer, Copenhagen, Den-
mark) were connected to a base mounted on the abdomen with double-sided tape, to

A.Experiment Preparation B.Experirnent Procedures C.Physiclogical Measurement
bizzizey @ csses) @ awcioanng
3 I Operation
©®12h - 30min g
3 [
» - i - R 3
i/ w Aok
s ) MIN
[ 1 Bleeding —1
= - 30
V) « " PeuCOz + P1cOz Measurement cycle
L 60 min

Fig. 5 Diagram of the experimental protocol
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non-invasive measure P;-O,. A pulse sensor (MLT125/R, AD Instruments, Bella Vista,
Australia) was secured around the animal’s tail to non-invasive measure pulse. The ECG
was measured by the II lead method, with the positive electrode, the negative electrode,
and the ground wire attached to the left lower limb, the right upper limb, and the right
lower limb, respectively. The experimental scheme is shown in Fig. 6.

Physiological measurements
We developed the new micro-nano CO, sensor composed of a 3 X3 silicone-based
micro-nano needle array and a silicone flexible base (Fig. 7a). The micro-nano needle
array was attached to the flexible silicone base via a silicone adhesive and packaged with
parylene C and polydimethylsiloxane. Each micro-nano needle is coated with two dif-
ferent concentrations of solid NaHCO; on its two sides, respectively, and each side is
embedded with a platinum electrode and wire (Fig. 7b). The HCO4~ concentrations on
the two sides of the micro-nano needle (A and B) are set as such that the CO, concentra-
tion to be measured (Y), falls in between, i.e., B< Y < A. When the concentrations at the
micro-nano needles and in the mucus reach equilibrium, the H* on the two sides of the
micro-nano needle would generate potentials E1 and E2, respectively, and form a differ-
ence in potential AE (Fig. 7c). Consequently, Y can be derived using the Nernst equation.
Real time monitoring of hemodynamic parameters ECG, MAP, and PPV were
performed using the POWERLAB Data Acquisition and Analysis System (PL3508,
AD Instruments, Bella Vista, Australia). The ECG electrode was connected to the

o ahdnddl.

PP

Fig. 6 Animal surgical scheme
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(a) Micro-nano needle array (b) Schematic diagram of micro-nano needle (c) Detection principle of micro-nano CO2 sensor

Fig. 7 Schematic diagram and detection mechanism of the micro-nano CO, sensor

bioelectrical amplification module, the pressure sensor was connected to the bridge
amplification module, and the pulse sensor was connected to the main computer, in
this order. The sensor was zeroed and calibrated by LabChart Pro8.0 software (AD
Instruments, Bella Vista, Australia). The sampling frequency was selected as 1 kHz,
the filtering frequency was 100 Hz, and the change in rat tail artery pulse pressure
was taken as the measured value of PPV. The PO, values from the four points in
the abdomen of the rat were obtained in real time using a transcutaneous monitor
(TCM400, Radiometer, Copenhagen, Denmark). The average of the four values was
taken as the measured value of P-O,.

Establishment of the multi-parameter prediction model based on the KNN and SVM
algorithm

The KNN and SVM algorithms were implemented in Python 3.8.5 to establish a
multi-parameter prediction model for the severity of hemorrhagic shock. The KNN
algorithm, a nonparametric machine learning method with high classification accu-
racy [46], was employed to establish a multi-parameter hemorrhagic shock severity
prediction model. Four physiological indices-MAP, Pp;CO2, P;-O, and PPV-were
defined as four-dimensional feature space inputs, with blood loss levels (25%, 30%,
35%, 40%) as classification labels. All experimental data was categorically labeled
according to the amount of blood loss: data from groups with 0%, 25%, 30%, 35%,
40% are labeled with Categories 0—4, respectively. The generalized Euclidean dis-
tance function was used as the distance metric. To address sample size limitations,
leave-one-out cross-validation was applied to optimize the hyperparameter K. For
validation, a multi-parameter prediction model based on the SVM algorithm was
developed. Similarly, all experimental data was categorically labeled according to the
amount of blood loss: data from groups with 0%, 25%, 30%, 35%, 40% are labeled with
Categories 0—4, respectively. A radial basis function was selected as the SVM kernel.
Using the LibSVM toolbox [47], the training dataset was processed via the svmtrain
function to establish the SVM-based multi-parameter prediction model. Both models
were evaluated using confusion matrices to quantify classification performance (pre-
cision, recall, F1-score). For each model (KNN- or SVM- based), receiver operating
characteristic (ROC) curves were generated for individual blood loss classes, with
overall performance assessed via AUC value.
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Statistical analysis

Data processing was performed using SPSS Statistics V25.0 software. Repeated meas-
ures ANOVA was performed, with repeated measurements at the different time
points (15 min, 30 min, 45 min and 60 min after blood loss) as the dependent vari-
able, and the groups (0%, 25%, 30%, 35%, and 40%) as the independent variable. Tuk-
ey’s post hoc test was performed to test significant difference between different blood
loss groups. The performance of the model was evaluated by using indicators such as
accuracy, precision, recall, score, AUC, and ROC. Statistical results are expressed as
mean = SD, and p < 0.05 (bilateral) was considered statistically significant.
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