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ABSTRACT

Wireless smart infusion pumps are currently under development. It is critical to ensure that the patient
receives the correct drug concentration. Practically, the performance of the pump has relied on the minimum
startup delay. The minimization of the startup delay is prominent in open-type infusion pumps and rarely
in closed types. The emphasis on reducing startup delay puts practitioners and caregivers at ease while
ensuring patient safety. The startup delay of the infusion pump is based on the flow rate and the lag time.
The prediction of the flow rate and lag time for an infusion pump is necessitated to ensure a safe drug dosage
for the patient. Currently, machine learning methods and computational methods to predict the desired
parameter are widely used in healthcare applications and medical device performance. The reduction of
start-up delay can be achieved by predicting its associated parameters lag time and flow rate. The flow rate
is dependent on the speed of the infusion pump, which has to be calculated based on the number of gears
and revolutions. The speed of the pump has to be predicted for accurate flow delivery. Our present research
attempts to predict the lag time of an infusion pump using different kernel functions of support vector
regression (SVR). The performance of the SVR for each kernel function is compared with R2, RMSE, MAE, and
prediction accuracy. The prediction accuracy of 99,7 % has been obtained in optimized SVM.
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RESUMEN

Actualmente se estan desarrollando bombas de infusion inteligentes inalambricas. Es fundamental garantizar
que el paciente reciba la concentracion de farmaco correcta. En la practica, el rendimiento de la bomba ha
dependido del minimo retardo de arranque. La minimizacion del retardo de arranque es importante en las
bombas de infusion de tipo abierto y rara vez en las de tipo cerrado. El énfasis en la reduccion del retardo
de arranque tranquiliza a los profesionales y cuidadores, al tiempo que garantiza la seguridad del paciente.
El retardo de arranque de la bomba de infusion se basa en el caudal y el tiempo de retardo. La prediccion de
la velocidad de flujo y el tiempo de retardo de una bomba de infusidn es necesaria para garantizar una dosis
de farmaco segura para el paciente. En la actualidad, los métodos de aprendizaje automatico y los métodos
computacionales para predecir el parametro deseado se utilizan ampliamente en aplicaciones sanitarias y
en el rendimiento de dispositivos médicos. La reduccion del retardo de arranque puede lograrse mediante
la prediccion de sus parametros asociados, el tiempo de retardo y el caudal. El caudal depende de la
velocidad de la bomba de infusion, que debe calcularse en funcion del nimero de engranajes y revoluciones.
La velocidad de la bomba debe predecirse para obtener un caudal preciso. Nuestra presente investigacion
intenta predecir el tiempo de retardo de una bomba de infusion utilizando diferentes funciones kernel de
regresion de vectores de soporte (SVR). El rendimiento de la SVR para cada funciéon kernel se compara con
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R2, RMSE, MAE y precision de prediccion. Se ha obtenido una precision de prediccion del 99,7 % en la SVM
optimizada.

Palabras clave: Bomba de Infusion; SVR; Kernel; Prediccion; Retraso; Caudal.

INTRODUCTION

Smart infusion pumps are designed to administer drugs and fluids in both single and multiple infusion models.
The infusion protocol settings are handled by clinicians manually as well as in a semi-automated manner.®
Several internal and external disturbances in the system affect the desired delivery rate and lead to delays
in drug concentration. The concentration of the drug is a key factor in medical therapies. The smart infusion
pumps are designed with a smart drug library to reduce drug delivery errors.®

Drug infusions should be optimal and appropriate for each corresponding dosage. Slow infusions lead to a
potential impact on patients’ health. A slow infusion usually occurs due to a start-up delay in the infusion pump.
® Addressing this parameter is desirable. The influencing parameters are dead volume, carrier infusion, and lag
time.® Specifically, the prediction of lag time for a specific drug from the dataset needs attention.®

The performance and functionality of these medical pumps are critical because precision and accuracy in
fluid and drug delivery are critical in a real-time situation.®

Bequette (2013) conducted research on the use of various infusion pumps for anesthesia based on drug dosage
and medication infusion for patients.” The ANOVA test has been used to examine the practical constraints of
delivering the desired volume with three infusion pumps at a specified flow rate.® Statistical studies of infusion
pump performance address issues about effective drug administration. Flow rate and dosage requirements have
been handled using statistical analysis, optimal control approaches, and prediction techniques. ®%

ANN, ANFIS, SVM, and Linear regression are some of the soft computing algorithms that are commonly used
for prediction and classification. "

Machine learning techniques are powerful for predicting the performance of the system. The prediction has
been carried out using ANFIS, SVR, and multiple regression techniques. Each technique provides varied results
for different applications. SVR is a powerful technique that can be employed for linear and non-linear systems.
The kernel is an important function in SVR.(?

The kernel aids to implement a model in a higher-dimensional space (feature space) without describing a
mapping function from the input space to the feature space, such that non-linear separable conditions are
predicted to be linear separable in the feature space. The boundary conditions have been defined as the
hyperplane.(

Smart infusion pumps when used in multiple infusion situations, a delay in drug delivery is possible. This
delay has an impact on the accurate dosing of the drug at the patient's prescribed infusion rate. Consequently,
the start-up delay, which is an important parameter, needs to be addressed. The start-up delay of an infusion
pump depends on the lag time of the pump. In this work, delay time prediction was carried out to reduce the
delay in the start-up of infusion pumps. Moreover, the prediction accuracy and errors have been verified using
different SVR kernel functions. ™

Infusion Pump Control
Methodology
The intelligent medical infusion pump is the most advanced device of the current era. The prediction of the
smart infusion pump is needed for an accurate flow rate of the dosage to be concentrated for the patient.
The essential parameters required to achieve the accurate drug concentration for single and multiple
infusions are flow rate and delay. In ICU and critical conditions, patients are administered with more than one
drug at the same time. Under this scenario, multiple infusions are possible. The catheters and carrier tubes
may cause a delay with the amount of drug to be carried to the patient and dead volume will be observed. 1)
The infusion protocol and specifications for continuous infusion drug information and data were extracted
from the PubMed database, electronic medical compendium (emc), and literature. The extracted data set
included drug dosage and infusion flow rate information for each drug. The lag time was calculated based on
the dosage and flow rate for the set of drugs considered in this study. The lag time for each drug flow rate were
computed with other parameters such as dead volume and carrier flow rate.

In order for each drug to be delivered at the right dose, smart pumps need to be configured. Therefore,
predicting the delay time required for an infusion pump is crucial. The proposed method of the current work
is shown in Figure 1.

The prediction of lag time for intravenous, continuous infusion of drug flow rates was identified with the
machine learning technique SVM. The prediction of lag time for single and multiple infusions was evaluated
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using SVR with linear, quadratic, cubic, and Gaussian kernel functions.(®

Drug data set preparation
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Figure 1. Proposed workflow to predict lag time

Infusion rate

The key attributes of infusion flow rate Q, are drug dosage, drip rate, and carrier flow Q_. Drip rate is the
rate of application of a liquid drug required to provide a certain dosage per unit. Flow rate is similar to drip
rate and is measured in gtts/min; it is the product of drip rate and drop factor as in (1) and (2).""

D, = 60 D,/1000 * W, V,/ 1000 * D, (1)
Q=D, " D; (2)

where,

Q = Flow rate

D, = Drip rate

D, = Drop factor based on carrier flow

D, = drug dosage for a specified treatment

W =weight of the patient

V, = total volume of one bag of the liquid drug in ml,

D, = mass weight of the medicine in the drug solution in mg.

D. and Q can be obtained based on the predefined protocol used by the practitioner and the infusion
pump. D, depends on carrier flow, which is calibrated for a range of 10, 15, and 20 at gtts/ml. Even though

these settings are preprogrammed, lag time may cause interruptions in the drug delivery to the patient. It is
determined as in (3).

Lag time (LT) is determined as:

LT = V,/Q, (3)

From the given relationship the total flow rate Q, is defined as provided in (4)

Q =0Qq4+ Q (4)

where V, is the dead volume that ranges tfrom U,Z-4,0 and varies with catheters,® Q, is drug flow rate and
Q. is carrier flow rate.

Q, is the drug flow rate, and Q_is the carrier flow rate.

The support of the pumping mechanism with dead volume, lag time flow rate should be analyzed carefully
for different drugs and fluids that have to be administered to patients. The drug dosage and infusion flow rate
for different drugs, as a sample infusion template (drug names are not mentioned), are shown in Table 1.

In clinical practice, the distance between the patient and a pump is approximately 1 m hence the dead
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volume of 1,5 ml will be considered. 160 data instances of drug dosage and flow rate for mean patient weight of
60 kg have been retrieved from emc.?" As per the nursing information, the drug dosage was measured in terms
of mcg/kg/min. Furthermore, based on the nursing calculations, the dosage can be converted to the infusion
flow rate in ml/hr.®

Table 1. Sample infusion flow rate ranges

Dosage (ug/kg/min) Infusion Flow rate (ml/hour) *
sNo or (mg/h) Minimum Maximum
1. Drug 1 3,5 135
2. Drug 2 1 12,5
3. Drug 3 4,5 225
4. Drug 4 3,6 216

Support Vector Machine (SVM) regression

SVM is a typical supervised learning method in machine learning. SVM performs classification and regression.
SVM has a solid mathematical foundation in statistical theory and can solve classification and regression
problems for a wide range of applications where the predictions are prominent. SVR is based on the structural
risk minimization hypothesis, which seeks to reduce both empirical risk and the confidence interval. This leads
to produce better simplification ability. The current work is intended to predict the lag time of the drug dosage
infusion and analyze the related statistical parameters using the SVM regression model.? SVR is similar to
linear regression as in (5)

y=wx+bh (5)
where w is the coefficient, x is the input, b is a constant, and y is the output that has to be predicted. In SVR,
the straight line is called a hyperplane, and the data points scattered around this plane are termed support
vectors, which are needed to plot the boundary line. The distance between the boundary and the hyperplane
y=wx+b should lie within +&, which is required to predict the lag time. Once the boundaries were satisfied,
the statistical parameters were determined and analyzed for a better fit. The regression function for SVR is
expressed as in

f(x) =w.0(x) + b (6)

where f(x) denotes the predicted values, x is the input variable, w is the weight coefficient, b is the
deviation value, ox is the high dimensional feature space. The regularized risk function is given as in (7)

3 lw?l] + s B, Le (10 £60) (7)

where is a regularized term, c is the penalty parameter, and the empirical error is , € is the loss function.
The loss function is minimized to determine the values of w and b and then predicted output is identified.

The kernel is an important function given it aids in predicting the output by acquiring input data. The
transformation of the training data set to linear form in higher dimensional space was handled with minimized
cost. The different kernel functions utilized to predict the lag time are linear, quadratic, and Gaussian kernel
functions.

A linear kernel is given in (8) for the set of input parameters xi for a set of T in a given space.

k(x;, %) = xTx (8)
A quadratic kernel is defined as in (9), , Wheredis4 (9)
k(x;, %) = (x7x +d)*
Further gaussian RBF is given as in (10), (10)
k(x;, %) = exp — yllx — x|
Many computational statistical tools are available to analyze the predicted data. In the current work, the
regression learner toolbox from MATLAB was used to verify the predicted lag time.

Performance evaluation
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Data processing and performance evaluation are important measures to determine prediction error and
accuracy. The drug data set has been trained and verified using different SVR kernels.

The data set comprises independent variables (drug dosage, infusion flow rate), and a dependent variable
(lag time). The study is focused on determining the lag time prediction performance, which was estimated for
different Q_scenarios.

The dead volume, carrier flow rate, and infusion flow rate are key parameters that require intensive
attention for reducing start-up delay in infusion pumps. The performance of each model has been trained with
five cross-fold validations. Statistical metrics such as prediction accuracy, Mean Absolute Error (MAE), root
mean square error (RMSE), and coefficient of determination (R?) were found.?

The evaluation was carried out for two different Q_for the set of drugs considered. Q_considered in this study
are 10 ml/hr and 50 ml/hr. To evaluate optimized error, the data was trained by employing a Bayesian optimizer
with SVR. The minimum MSE value and hyperparameters values have been identified using an independent
variable (x,) dependent variable (y,).

The statistical metrics are shown in (11), (12), (13)

RMSE = [= L, (x; — yi)? (11)
MAE = rl—l Ziti(x — i) (12)
RZ =1 _ um of squares of residuals (13)

total sum of squares

RESULTS AND DISCUSSION

The prediction of lag time for two different carrier flow rates Qc 10ml/hr and 50 ml/hr was carried out using
SVM. The prediction performance was verified using statistical metrics. The statistical metrics were tabulated
in Table 2. Furthermore, the prediction accuracy determined for different kernels of SVM is shown in Figure 2.

Table 2. Comparison of statistical parameters

Prediction
Kernel function '©°W rate Q. puer R MAE Accuracy
(ml/h)
(%)
10 0,0259 0,49 0,0181 98,2
Linear
50 0,005 0,2 0,0035 99,65
10 0,0229 0,60 0,0144 98,56
Quadratic
50 0,009 0,65 0,0032 99,68
10 0,0169 0,78 0,0109 98,91
Gaussian
50 0,003 0,7 0,002 99,8
10 0,0138 0,86 0,0059 99,41
Optimizable SVM
50 0,003 0,71 0,0026 99,7

Prediction accuracy (%)

A

Linear Quadratic Gaussian  Optimized
mQc 10ml/ hr SVM

g 8

-

In this study, a Bayesian optimizer was used to achieve the lowest possible error. It was evaluated for 30
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iterations on a kernel scale of 27,1455 for both the Q_values. The epsilon values ranged from 0,0001 to 0,004.
The prediction accuracy was better in the case of the Bayesian optimized SVM with minimum errors when
compared to other SVM models. Apart from prediction accuracy, the R? was 0,87 for Q_ 10 ml/hr and 0,71 for
Q. 50 ml/hr. The performance of the infusion pump exclusively relies upon its speed and dosage drip and flow
rate, the system performance based on the control system strategies needs analysis?® and it can be further
incorporated. A quick induction of the dosage with less dead time, lag time, has to be achieved.

The prediction response or residual response to predict the lag time for both Q_using a bayesian optimized
SVR is shown in Figure 3 (a), (b), (c), and Figure 4(a), (b), (c). The prediction response indicates the closeness
of the predicted lag time and the values are scattered around the diagonal line. The error that is indicated as
residues should be around 0. The obtained residual response indicates that residues are close to zero for both
the carrier flow rate. This is needed to verify the performance of the model, which was plotted against the
true response and residue. Figures 3(c) and 4(c) show the minimum MSE value for the predicted values. The
prediction accuracy and error varied with different dead volume and carrier flow rates (Fig. 3(c) and 4(c)).

-
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Figure 4. Responses for (a) Predicted lag time (b) Residual error (c) Minimum MSE for Q_50ml/hr
CONCLUSION

In clinical settings, the performance of smart infusion pumps is crucial. Start-up delays affect the delivery
rate, which results in patient safety. The influencing parameter in start-up delay is lag time. The key factors
required to determine a lag time are drug dosage, flow rate, carrier flow rate, and dead volume. The lag time
estimation for this particular drug data set with a carrier flow rate of 10ml/hr and 50 ml/hr was carried out.
Using the three kernels of the SVR model, the performance of the infusion pump's lag time was evaluated for
prediction errors and accuracy. The start-up delay of an infusion pump is determined by the lag time as well
as the speed of the infusion pump. In addition, the performance error minimization was computed using a
Bayesian optimizer with SVM. This hybrid combination of optimized SVM resulted in a minimum error and better
prediction accuracy.
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