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Abstract: Ergonomic reliability plays a significant role in the safe operation of devices. With the spread of infectious diseases around the world, in work environments with high loads and high infection rates, medical staff work in a state of high self-protection. The use of visual display terminal (VDT) for medical equipment has undergone fundamental changes, and the traditional medical equipment human-machine interface design needs to be improved. After the completion of design and development, a VDT design enters the experimental testing stage, which has significant limitations for simulating the work of medical staff in the high-load and high-infection environments. The testing cost is high, and subjects face harsh conditions; thus, an ergonomic reliability model that can predict the use of VDT in such special high-infection and high-load circumstances must be established. An ergonomic reliability model based on an improved backpropagation neural network (BPNN) and human cognition reliability (HCR) is proposed for predicting and evaluating operation flows according to medical equipment VDTs. Firstly, a small data sample can be used to train BPNN to generate a network that can ensure suitable accuracy. To prevent the model from falling into local optimal solutions, the bat algorithm is introduced to improve the BPNN. Compared to a traditional BPNN, the superiority of the improved BPNN is clearly demonstrated. Secondly, the HCR method is used to analyze and highlight changes in the human factor reliability of VDTs for medical equipment in different time processes and operating processes according to BPNN prediction results, to provide a reference for selecting the optimal method. Finally, the validity and availability of the proposed method are verified through an eye tracker experiment and statistical analysis results.
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1  Introduction

The reliability of visual display terminals (VDTs), which are among the most important components of engineering systems, requires significant attention. VDT operation modes have gradually become an important form of labor in modern society. The human-computer interaction method of cognitive VDT operation has become increasingly common because operators must process large amounts of information. Therefore, the level of performance in man-machine operating systems has become an important factor related to system reliability, and improving human reliability can significantly improve the safety and implementation processes of various operating systems [1]. With the outbreak of the highly contagious coronavirus, fundamental changes have occurred in equipment operation, particularly for the work of the medical staff with strict self-protection requirements, but few studies have been performed on the ergonomic reliability; thus, there are more perspectives to explore. Under special circumstances, VDT operation of medical equipment is the most representative, with high complexity and relatively high reliability requirements in the special environment of high infection and large workloads. If the special requirements of high-load transmission are not considered, poor VDT design may lead to critical security issues, threatening social stability, life, and property. This research is based on a case study of a highly infectious and high-load working environment. The VDT operation of medical equipment is demanding and professional operators are required to ensure the high accuracy of analysis results. In the fight against the highly contagious virus, medical examiners are required to wear three layers of protective clothing. Additionally, they wear three pairs of medical gloves, which is inconvenient for movement. There are too many layers of gloves, and the gloves overlap with three layers of protective suits, significantly reducing the wrist joint flexibility and resulting in more failures and actions in the operation process, and low work efficiency. Therefore, it is important to consider the reliability, fatigue and uncertainty analysis of the operating VDT system via multidisciplinary design. The reliability of multidisciplinary design optimization and evaluation has come to the fore and has been applied in the field of complex engineering system design [2]. Multidisciplinary design with different intelligent algorithms are often used modern engineering, e.g., for fatigue analysis [3], and analysis of uncertain factors [4]. The design method of VDT systems involves many disciplines, and the operation flow design of VDT systems shares these characteristics.

The reliability of VDT human factors is important and is related to the physical and mental health of VDT operators. Viviani et al. [5] evaluated various aspects of the human factor engineering of touchscreen technology used in medical devices and demonstrated that human factor reliability analysis is crucial. Therefore, human reliability analysis should not be ignored in the process of VDT operation [6]. Fatigue reliability studies are important in traditional mechanical fields [7]; thus, the influence of human fatigue on reliability in the medical field also needs to be evaluated. Tomei et al. assessed the mental and physical health of VDT workers and found that the health of VDT workers is often neglected, particularly with regard to mental fatigue [8]. A survey conducted by Ye et al. [9] indicated that users suffered from eye strain, neck or upper limb pain, back pain and psychological distress as a result of VDT work. Nutnicha et al. [10] determined that humans increased their use of VDTs during COVID-19 lockdown periods. Kyung et al. studied the effects of the curvature radii of VDT displays and the sizes of display screens on visual search accuracy and speed in addition to visual weariness [11]. The VDT operation mode of medical equipment is important because it affects the quality and development of medical instrumentation particularly for VDTs in laboratories. When VDT operators attempt to multitask or perform many serial tasks, the cognitive cost of video display work is high, and the efficiency is reduced [12]. Sánchez-Brau et al. [13] hypothesized that VDT workers suffer from computer syndrome; thus, proper lighting and ergonomic posture should be considered in the use of VDTs, and human reliability factors should be considered in the design of VDTs. However, in an environment with highly infectious diseases, the status of VDTs operated by medical professionals requiring a high degree of self-protection changes fundamentally, and the relevant research must be expanded and deepened.

Uncertain factors affect reliability problems in actual engineering [14], and it is difficult to construct relationships between uncertain factors. Many different methods are applied for prediction in reliability analysis [15,16]. Neural networks are often used in VDT-related prediction and evaluation research [17,18]. Uncertainty quantification is required for reliability assessment [19,20], and the black-box structures of neural networks can accurately construct relationships between factors with uncertain characteristics. Predicting headaches for VDT workers has been achieved through hand-pose classification using a convolutional neural network. Neural networks have been used for analysis and evaluation for automatic three-dimensional facial-expression identification for VDT operators in human-computer interaction fields [21]. Artificial neural network techniques have been applied to VDT research to combine information from multiple eye measurements and produce reliable near-real-time workload metrics for innumerous visuospatial jobs [22]. Additionally, the application of neural networks to the prediction of body movements is being investigated. In addition to being successfully applied to face recognition, the backpropagation neural network (BPNN) model has been applied to hand gesture recognition during the operation of VDTs [23]. For example, Jian et al. studied gesture recognition in a mobile terminal using a BPNN [24]. Thus, it is reasonable and effective to apply BPNNs in behavior and gesture studies related to VDTs. Additionally, BPNNs are widely used in mechanical design and have been effectively used for reliability analysis [25]. For example, a BPNN was used in a reliability analysis framework for a computer-aided medical decision-making system [26]. Artificial neural networks are commonly used in ergonomic research. Anghel et al. developed an approach for redesigning ergonomic workstations using an artificial neural network together with rapid upper limb evaluation [27]. Fernandez et al. conducted accurate ergonomic risk assessment based on open-source neural networks to detect bones in workers [28]. BPNNs have also been applied to ergonomic research [29]. Taghavifar et al. [30] developed a multilayer feedforward neural network combined with the backpropagation mathematical method to predict the apparent mass of a seated body to perform layout optimization at divergent vibration excitation levels. Artificial neural networks also have good application prospects in the field of ergonomic reliability [31]. Different metaheuristic algorithms are often used to optimize neural networks. To avoid falling into local optima, the bat algorithm (BA) is adopted to reduce the error [32]. However, in many cases, the reliability analysis results change over time [33,34], and the ergonomic reliability also changes over time. If a BPNN is used to predict multiple unknown factors such as human failure probabilities, time, and human cognition simultaneously, the model will become complex, and its accuracy will decrease. To more accurately reflect the effects of time and human cognition on human factor reliability in special circumstances, the human cognition reliability (HCR) method has been introduced. The HCR method can be used to evaluate reliability by classifying and studying different cognitive behaviors with related parameters [35]. The traditional structural reliability method aims to establish a probabilistic model [36,37]; likewise, HCR can be used to determine the probability of human error to analyze ergonomic reliability. For example, Farcasiu et al. applied HCR as a type of probabilistic safety assessment technique to identify human factor engineering concepts in approaches related to performance shaping factors (PSFs) [38]. Hidetoshi et al. [39] used HCR to analyze drivers via simulator experiments. In an environment with high loads and high infection rates, HCR should be used to distinguish the behaviors of ergonomic reliability and reflect the role of time in ergonomic reliability.

In this research, an improved BPNN and HCR were integrated to assess the ergonomic reliability in the operation design of a VDT system. Because experiments are risky in highly infectious environments, it is important to make predictions based on data obtained in high-load simulation environments. This approach is also applicable to other high-risk environments. First, a BPNN was applied to fit the relationships between operator states and the related attributes of control keys, as well as the operation failure probabilities of operators. The introduction of intelligent algorithm makes the failure probability analysis more accurate [40]. To prevent the model from becoming trapped in local optimal solutions, the BA was used to improve the BPNN [41]. Second, according to the operation failure probabilities predicted by the BPNN, an operator action tree (OAT) was used to calculate the operation failure probabilities of top events under special circumstances, and the K3 values, which act as PSFs for HCR, were calculated. Third, the changes in the HCR based ergonomic reliability in different states were compared over time, and optimal schemes were identified. Finally, the ergonomic reliability of the proposed method was verified through eye movement tracking and statistical calculations.

2  Ergonomic Reliability Assessment for VDT Systems with Operation Design under Special Circumstances

2.1 Probability Prediction of Action Failure under Special Circumstances

In this study, the operation of VDTs with multiple layers of gloves in a highly infectious environment was considered as a special case. In different operating environments, operators have different degrees of protection. In infectious environments with different levels of severity, operators use the VDT while wearing gloves with different numbers of layers or thicknesses. To identify the relationship between the thickness of the gloves worn by operators and the action failure probability of operating different VDT designs, it is necessary to construct the human reliability relationship based on the contact area between the operator and VDT keys, size of the keys, and spacing between controls.

A BPNN can be used to predict action failure probabilities under special circumstances. Using BP, the weights of a network are adjusted and training is conducted for multiple iterations, to minimize the sum of squares of the network errors. Training is completed when the error threshold is greater than or equal to the sum of squared errors. In addition, the weights and deviations of the network are stored.

A BPNN with a three-layer network structure can approximate a rational function with arbitrary accuracy. A BPNN was constructed as shown in Fig. 1. The largest length of the contact surface between a gloved or bare hand and the VDT is the first input, the smallest width of a control key is the second input, and the shortest distance between control keys is the third input. The values of the neurons in the input layer are denoted as Mi(i=1,2,…,m), and n(j=1,2,…,n) represents the number of neurons in the hidden layer. The length of the hand contact surface beyond a key isthe first output and the failure probability of a hand operation is the second output. The values of the neurons in the output layer are denoted as Lk(k=1,2,…,l), the weights of the neurons between the input layer and hidden layer are denoted as vij, and wjk represents the weights between the hidden layer and output layer.

The probability function relationship between the action failure probability and contact area between the operator and VDT interface can be obtained using the following Bayesian formula:

P(Bi|A)=P(Bi)P(A|Bi)∑j=1mP(Bj)P(A|Bj)(i=1,2,…,m)(1)

here, Bi represents the maximum contact diameter between a finger and the VDT interface formed by wearing different numbers of layers of gloves and A denotes the action failure scenario for operating different key layouts. P(Bi|A) is the second output of the BPNN. The relevant data required for this formula are traditionally obtained through experimental simulations which incur high costs and involve harsh conditions; thus, using a BPNN to identify correlations between data has considerable practical value. However, the standard BPNN has some problems. Traditional BPNNs have slow convergence and tend to fall into local minima, resulting in network training failure. Additionally, achieving a tradeoff between the network prediction ability and the training ability is not easy, and overfitting easily occurs, where the network learns too many sample details and fails to reflect the rules of sample inclusion. Because of these shortcomings, the original BPNN algorithm is unsuitable for many practical applications; thus, many improvements have been proposed.
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Figure 1: BPNN architecture

2.1.1 LM-BPNN

The Levenberg-Marquardt (L-M) algorithm can be used to increase the efficiency of the original BPNN significantly [42]. It is a fast mathematical technique based on the standard numerical optimization method. In addition, the gradient descent method employs the Gauss-Newton method. Therefore, this algorithm has not only the local convergence of the Gauss-Newton method but also the global characteristics of the gradient descent method.

The basic principles of the L-M algorithm are as follows [43]. Assuming that v(k) represents a variable composed of the weights and thresholds from the kth iteration, the vector for the next iteration and threshold value v(k+1) can be obtained from v(k+1)=v(k)+Δv using Newton’s laws:

Δv=−[Δ2E(v)]−1ΔE(v)(2)

Δ2E(v) is a Hessian matrix based on the error index function ΔE(v) in Eq. (2), and ΔE(v) is the gradient of E(v). Assuming that the error index function is E(v)=12∑i=1nei2(v), where ei(v) represents the error, we have

ΔE(v)=JT(v)e(v)(3)

ΔE2(v)=JT(v)e(v)+J(v)(4)

In Eqs. (2) and (3), J(v)=∑i=1nei(v)Δ2ei(v) is a Jacobian matrix defined as follows:

J(v)=[∂e1(v)∂v1∂e1(v)∂v2⋯∂e1(v)∂vn∂e2(v)∂v1∂e2(v)∂v2⋯∂e2(v)∂vn⋮⋮⋮∂em(v)∂v1∂em(v)∂v2…∂em(v)∂vn](5)

According to the Gauss-Newton method, Δv=−[JT(v)J(v)]−1J(v)e(v). As a modified Gauss-Newton method, the L-M algorithm is expressed as,

Δv=−[JT(v)J(v)+µI]−1J(v)e(v)(6)

here, μ is a constant that is greater than zero. Additionally, I is the identity matrix. μ initially has a small value. For the weight vector w, if the error index function E(w) does not decrease after a certain number of iterations, then μ is multiplied by a factor θ(θ>1), and the steps are repeated. Otherwise, in the next iteration, μ is divided by the factor θ. The algorithm utilizes an approximation of the second derivative, making it significantly faster than gradient descent. The weights and thresholds are updated according to Eq. (5), and an algebraic equation of order n must be adopted, where n represents the number of weights in the network. The computational complexity of the L-M algorithm is O(n3/6). When n is small, a high iteration efficiency and prediction accuracy can be achieved.

2.1.2 LM-BPNN Improved by BA

The BA was proposed by Xin-She Yang in 2010 as a novel bionic mathematical method. It simulates the behavior of bats in nature, which detect and capture prey using ultrasonic waves, to perform a random search for an optimal population. A population of bat individuals is mapped to the same number of feasible solutions in the problem space, and the search and optimization processes are applied to bats searching for prey and moving to new locations. A fitness function is used as the basis for judging the positions of bats. The survival of the fittest bats can be regarded as an iterative process of retaining feasible solutions and removing poor solutions. Compared with other metaheuristic algorithms inspired by nature, such as genetic algorithm (GA) and particle swarm optimization (PSO), the BA has fewer parameters that must be adjusted [32]. Additionally, it has a high convergence speed, search efficiency, prediction accuracy and certain stability [44]. Thus, the BA was used to optimize the weight and threshold of the BPNN.

The process of using the BA to improve the LM-BPNN is summarized below as shown in Fig. 2.

Step 1: The LM-BPNN is initialized. The relevant parameters are determined according to the inputs and the outputs of the entire network. These parameters include the number of nodes, weights and thresholds, and learning rates of the input, hidden and output layers.

Step 2: The weights and thresholds are optimized using the BA. In a D-dimensional search space, the bats locate and hunt prey as follows. First, the parameters of the bat population are initialized. D represents the population search dimension, and b represents the total number of bats. The pulse frequency is set within the range of [pmin,pmax], and the maximum pulse frequency and sound intensity are expressed as r0 and A0, respectively. The attenuation coefficient of the impulse sound intensity is set to a, and the increase coefficient of the frequency is γ. MaxT represents the maximum number of iterations, and ε represents the search accuracy. Second, the individual bat positions Xi(i=1,2,…,m) are initialized randomly, and the best position within the bat colony X∗ is identified. Third, the pulse rate fi of the bat is initialized according to Eq. (7), the flight speed Vi is obtained using Eq. (8), and the bat positions Xi are updated using Eq. (9).

pi=pmin+(pmax−pmin)β(7)

Vi(t+1)=Vi(t)+(Xi(t)−X∗)pi(8)

Xi(t+1)=Xi(t)+Vi(t+1)(9)

here, the pulse frequency of the ith bat in the process of hunting prey is set to pi. The pulse-frequency range is set to [pmin,pmax], and β is a random variable uniformly distributed in [0,1]. The speeds of the i-th bat at two moments t+1 and t are set to Vi(t+1) and Vi(t), respectively. Xi(t) represents the location of the i-th bat at moment t, and X∗ represents the best situation among all the bats during the procedure of the current search. Fourth, the stochastic number rand 1 is generated. If rand 1 >ri, then the individual bat in the optimal situation is disturbed and the current situation is replaced by the disturbed position. Fifth, the stochastic number rand 2 is generated. If rand 2 <Si, and p(Xi)<p(X∗), another bat is moved to the updated site. Sixth, when the fifth article is satisfied, the pulse frequency r and tone intensity S are adjusted according to Eqs. (10) and (11).

ri(t+1)=r0[1−exp⁡(−γt)](10)

Si(t+1)=αSi(t)(11)

here, the pulse frequency of a bat at time t+1 is set to ri(t+1). The maximum pulse frequency of the bat is set to r0. γ is a constant greater than zero and is used in addition to the increase coefficient of the pulse frequency. α is the attenuation coefficient of the pulse sound intensity, which is a constant in the interval [0,1]. The sound intensity of the pulses emitted by the bat at t and t+1 are set to Si(t) and Si(t+1), respectively. Seventh, according to the fitness values of the bat population, the bats are arranged to achieve the best positions for the optimized bat individuals. Eighth, if the maximum number of search iterations is reached or the search accuracy threshold is satisfied, we proceed to the next step [45]. Otherwise, we return to the second step for a new search. Ninth, the optimal weight and threshold value for the LM-BPNN are output, and, the BA is terminated.

Step 3: The errors are calculated by the neural network.

Step 4: The weights and thresholds of this neural network are improved and the network is trained.

Step 5: If the termination conditions are met, the algorithm stops. If not, we return to Step 3, where the sigmoid function is used as the transfer function. The sigmoid function is a continuous and differentiable function. Finally, the prediction results are output.
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Figure 2: Flow of the BPNN improved by the BA

2.2 HCR Model Construction

The HCR model was proposed by Hannaman et al. [46] and is mainly used for the quantitative evaluation of operator non-response probabilities under time-constrained emergency conditions. It takes into account the factors influencing behavior, and can adjust the failure probability according to the comprehensive quality of the operators, environmental pressure and human-machine interface (HCR). Additionally, it can present the changes in ergonomic reliability over time, which cannot be reflected by many traditional ergonomic reliability methods. In practice, in the special environment of high loads, the reliability changes significantly over time; thus, HCR is suitable for solving such problems. It adopts the following two basic assumptions [47]:

First, in the HCR model, there are three different types of behaviors, i.e., skill-based, rule-based, and knowledge-based, according to Rasmussen’s conception.

Skill-based behavior: This behavior refers to a closely coupled relationship between the input of information and the reaction of a human being, which does not completely depend on the sophistication of a given task and is mainly determined by the level of training and experience with completing related tasks. The important characteristic of this behavior is that it requires people not to interpret displayed information, but to react to information subconsciously.

Rule-based behavior: The type of behavior is controlled and governed by a series of rules or procedures. The main difference between this behavior and a skill-based behavior is the degree of knowledge or mastery of practice. If rules are not well tested in practice, individuals must verify every rule. In this case, incorrect reactions may be caused by insufficient time, delayed cognitive procedures, a weak understanding of rules, etc.

Knowledge-based behavior: This behavior occurs when the characteristics of the current situation are unclear. When the target state is contradictory or the new situation is completely unknown, operators must rely on their knowledge and experience to analyze, diagnose, and make decisions. Knowledge behaviors have a high probability of failure and play a crucial role in human failure research.

The HCR model has the following characteristics [38]:

(1)   Modern ergonomic systems are often related to human cognitive judgment, and the HCR method is used to assess the probability that an operation team will fail to complete an action in a restricted timeframe.

(2)   The establishment of the HCR model considers the coupling between personnel.

(3)   The HCR model is suitable for the evaluation of diagnostic decision-making behaviors.

(4)   Because HCR uses the experimental means of a simulator, it analyzes the internal mechanisms of human error objectively and in detail.

For the second assumption, the error probability of each conduct category is related to the ratio of allowable time (t) to actual time (T1/2) and follows a three-parameter Weibull distribution.

According to the aforementioned assumptions, considering the function of a three-parameter Weibull distribution, the probability model for the operator response error at time t is constructed as follows [48]:

P(t)=e−{t/T1/2−ra}β(12)

where α represents the parameter of scale (characteristic response), β represents the parameter of shape, and γ represents the parameter of position (minimum response). Because the execution time of every group may depend on the situation, this formula should be adjusted before use. In the HCR model, the crucial factors affecting behavior must be considered including the factors of training K1, psychological pressure K2, and the HMI K3, which are expressed by the following equations:

T1/2=T1/2,n(1+K1)(1+K2)(1+K3)(13)

K3=1−[(1−F)×10n](14)

here, T1/2,n represents the general execution time (e.g., simulator training). α, β, and γ, along with K1, K2, and K3 are selected as shown in Tables 1 and 2 [49]. The correction coefficients for K (e.g., well trained or lack of training) are adjusted as shown in Table 2 according to a high-infection and high-load medical environment. Each branch of the operational action tree represents an operation step for a medical examiner during the process of virus detection, and a dichotomy is used to divide the operational action tree sub-branches according to the chronological order of detection, as shown in Fig. 3 [50]. There are two possibilities: success and failure. F represents the failure probability based on the OAT, as shown in Fig. 3 [51]. The OAT is an approach for analyzing cognitive behavior that focuses on failures in the analysis phase. The response behavior of medical examiners is divided into three stages: detection, diagnosis and response action. The failure probability of a certain link from the whole operation process can be calculated by HCR, but it is difficult to determine the comprehensive failure probability of the whole operation process. Thus, the OAT, which has a structure similar to that of fault tree analysis, is proposed to be combined with HCR. The failure probability of the top event can be calculated to provide a basis for the reliability of the whole operation process. The shortcoming of the OAT is that it only considers the errors in the stage of detection; it does not consider the influence and role of PSFs, HCR taking PSFs into account can play a complementary role with the OAT.
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Figure 3: OAT

3  Ergonomic Reliability Assessment of VDT System for Medical Equipment Operation

To construct an accurate BPNN, a total of 27 groups of experiments were designed. These groups were randomly matched according to different combinations of keys of different sizes and different distances between keys. Twenty subjects were invited to perform the tests using their right hands while wearing gloves of different thicknesses. The diameters of the right index fingers of the participants wearing gloves were divided into five groups: 50–80 mm, and 90–12 mm, 13–16 mm, 17–20 mm, and 21–24 mm. The data for different keys and key gap collocation schemes were recorded, and a total of 540 groups of data were obtained (20 participants × 27 groups of experiments). Because the 27 groups of experiments were randomly matched, there may have been similar data between the testing and training data. To evaluate the advantages and disadvantages of three different operation schemes, 530 groups of data were used as training data, and 10 groups of data were used as testing data. In each of the three schemes, the number of operation steps was 65, and the shortest distance between keys for each operation interface was recorded; thus, the predicted data represented 195 steps.

The LM-BPNN optimized using the BA provided good performance as a predictive model. In the BA, the initial iteration number was set to 1, and the maximum iteration number was set to 2. The population size was set to 3. The minimum loudness was 0. The loudness control parameter was 0.95. The pulse emissivity control parameter was 0.5. The frequency range was 0–2. The BA ran for 40 generations, and reached an optimal solution at approximately the fifth generation. For the LM-BPNN, the maximum number of training iterations was 2000. The number of hidden layers was set to 37. The target error for training was 0.001. The learning rate was 0.1. With gloves, the width of the widest contact surface between the finger and VDT was 15 cm, according to the three VDT design schemes. The width of the widest contact surface between the finger and VDT, the sizes of the keys needed complete the target tasks and the distances between adjacent keys were considered as the inputs for prediction. The relationship between the width of the widest contact surface between the finger and VDT, and the sizes of the operation control keys was defined as output 1. The operation failure probability was defined as output 2. Thus, there were three inputs and two outputs in the LM-BPNN structure. The training results are presented in Fig. 4.
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Figure 4: LM-BPNN improved by the BA for predicting failure probabilities

For the traditional BPNN, the maximum number of training iterations was 2000. The number hidden layers were set to 37. The target error for training was set to 0.001. The learning rate was 0.1. The inputs and outputs of the training and testing data were identical to those for the LM-BPNN optimized with the Bat. There were three inputs and two outputs in the BPNN structure. The results of operation failure probability prediction are presented in Fig. 5.
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Figure 5: Traditional BPNN used to predict the operation failure probability

As shown in Fig. 6a, predicted outcomes based on the testing data were derived from the BA-LM-BPNN and traditional BPNN errors. For the BA-LM-BPNN, both output 1 of the testing data and output 2 of the testing data were better than those for the traditional BPNN. The errors calculated by the BA-LM-BPNN were <8%, and the fitting effect of output 1 was significantly better than that of output 2. For the BA-LM-BPNN, the error of output 2 based on the testing data was <5.5%, and that of output 2 was <7%. Under the same parameter settings for the traditional BPNN and BA-LM-BPNN, the error of the testing data was relatively large for the traditional BPNN prediction, but the most decomposition can be predicted correctly. The error of output 2 for the testing data based on the traditional BPNN was <40%, and most values were approximately 20%. Output 1 produced an ambiguous solution, but most of the error values were within 40%. Because of the many complex and fuzzy factors in human action errors, the prediction accuracy is limited, but with more data, prediction accuracy can increase and the prediction can receive a certain amount of guidance and reference. Under a given set of conditions, the optional options or schemes can be selected.
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Figure 6: Error comparations between the BPNN and BA-LM-BPNN

As shown in Figs. 6b–6d, the failure probabilities of human error were predicted by the BA-LM-BPNN according to the medical equipment HMI designs of the three different schemes with similar task functionalities but different operation modes. In most cases, when the width of the widest contact surface between the fingers and VDT exceeded the shortest distance between control keys, the human failure probability increased. This indicates that if the shortest distance between control keys is sufficiently large, the failure probability of human operation can be reduced. However, if the distance between control keys is too large, the failure probability of human operation increases to a certain extent. This is because a long distance, results in inconvenient operation in most cases.
 
A VDT system for medical equipment operation such as polymerase chain reaction (PCR) testing utilizes rule-based behavior. The parameters of the rule-based behavior presented in Table 1 were adopted; thus, α=0.601, β=0.9, and γ=0.6. According to the different values of K1 and K2, different combinations can be formed from Q1 to Q12. On the basis of the OAT, according to Eq. (8), when n = 6, the K3 values of Schemes A, B, and C are 0.406637182, 0.947991984, and 0.790365462, respectively. The results in Fig. 7 were obtained using Eqs. (12)–(14). According to HCR, the change in ergonomic reliability over time is well demonstrated.
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Figure 7: Error probabilities of operator responses from 10 to 30 min based on three schemes

Q1 Well trained-Severe emergency scenario;

Q2 Well trained-Potential emergency scenario/high load operation;

Q3 Well trained-Optimal emergency scenario (nominal);

Q4 Well trained-Low level emergency scenario/relaxed scenario;

Q5 Training in general-Severe emergency scenario;

Q6 Training in general-Potential emergency scenario/high load operation;

Q7 Training in general–The best emergency scenario (nominal);

Q8 Training in general Low level emergency situation/relaxed situation;

Q9 Lack of training-Severe emergency scenario;

Q10 Lack of training-Potential emergency scenario/high load operation;

Q11 Lack of training-The best emergency scenario (nominal);

Q12 Lack of training-Low level emergency situation/relaxed situation.

“Training in general” is selected as a PSF; thus, K1 = 0. Additionally, “potential emergency scenario/high load operation” is selected as a PSF; thus, K2 = 0.28, and Q6 is selected. As shown in Fig. 7, the error probability of an operator response based on Scheme A for Q3 with “well trained-Optimal emergency scenario (nominal)” has the lowest error probability compared with the others. That of Scheme B with “lack of training-severe emergency scenario” for Q9 has the highest error probability compared with the others. With an increase in the operation time, the error probability decreases, but the error probability increases under a low-relaxation state.

4  Verification for Ergonomic Reliability Assessment

To verify the effectiveness of the proposed the assessment model using an improved BPNN and HCR, three designs are proposed with identical the software functions, but differences in the interface design and information architecture. Cognitive experiments based on the layout design of the information architecture were performed. An eye movement tracking experiment was conducted to verify the reliability of the evaluation model developed in this study. Eye movement tests are expensive but objective. For the index finger of the right hand, the width of the widest contact surface between the finger and VDT was controlled to be approximately 15 cm; thus, some subjects wore multiple layers of hand protection, e.g., a pair of gloves. The heat maps of the three initial schemes for the simulation model in the case of eye movement tracking are presented in Fig. 8, and the main pages with similar functionality of the three different schemes for different operations are shown.
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Figure 8: Heat maps for eye tracking

Because medical equipment operation design is affected more significantly by the layout than by the color design; thus, to reduce the influence of color on the schemes, the color schemes of Designs B and C were changed to match those of Design A. Thus, Designs B and C used the same color scheme as Design A. Twenty-one people who had been trained in the operation of PCR equipment were included in each group to operate the three different design schemes. The time required to operate the PCR equipment was recorded. The effects of the different information architectures, on the operation process were mainly analyzed. For this, a one-way analysis of variance was adopted. However, variance analysis requires independent random samples, that follow a normal distribution. Additionally, the total variances of samples must be equal (i.e., homogeneity of variance).

If the spots in the Quantile-Quantile (Q-Q) plot used to show whether the data come from a normal population are close to the red straight lines in Fig. 9, this indicates that the dataset is normally distributed. In Fig. 9, most of the scattered points are close to the straight lines. Because of the small sample size, the Kolmogorov-Smirnova test was applied. For all three schemes, sig. = 0.2 > 0.05. This indicates that the three groups of data selected according to different design schemes were normally distributed. Additionally, equal variances were identified using Bartlett’s test. According to the raw data, chi2(2) = 6.3908 and Prob > chi2 = 0.041. Therefore, a square-root transformation of the original data was required. Following the square-root transformation, Bartlett’s test was performed again with results of chi2(2) = 3.9391 and Prob > chi2 = 0.140. Therefore, the conditions for variance analysis were satisfied. The results of the variance analysis are presented in Table 3. As can be seen from Table 3, the average square roots of the time data required to operate the PCR equipment based on the three different scheme respectively are not all equal. For further pairwise comparative analysis, Bonferroni method was used for further analysis.
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Figure 9: Normal Q-Q plots
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According to the results of the Bonferroni method, the average square root of the time data based on Scheme A was smaller than that for Scheme B 0.967229 (p = 0.000) and that for Scheme C (p = 0.301), indicating that Scheme A was significantly superior to Scheme B, but not to Scheme C. The average square root of the time data based on Scheme C was smaller than that for Scheme B 0.659459 (p = 0.002); thus, Scheme C was clearly superior to Scheme B. Under similar operating environments and identical conditions, Scheme B was the worst, and Schemes A and C were superior. Thus, the rationality of the proposed method was verified from the side.

5  Conclusions

In an environment with a high load and high infection rate, medical equipment operators must wear multiple layers of protective clothing and gloves for protection. The results reduce the flexibility for interface operation using VDTs and have negative effects on personnel; thus, the cost of collecting the experimental data according to a conceptualized design scheme is high. However, during the early stages of design, the selection of an optimal scheme is important. Thus, constructing a forecasting model according to obtained data is necessary. In this study, we developed and analyzed an operation failure prediction model for ergonomic reliability under special conditions based on an LM-BPNN improved by the BA. This model allows us to solve problems in special circumstances that are difficult to simulate. If only the LM-BPNN is used, the proposed method does not consider the fact that human reliability changes over time, and it cannot consider the cognitive factors of operators. Thus, the most important innovation of this research was the combination of the BPNN as an artificial intelligence algorithm with HCR, i.e., the traditional human reliability method. The black-box structure of the BPNN is suitable for fitting the relationships among the uncertain factors in a special environment, the characteristics of VDT design and behavioral cognitive failure. HCR considers not only operator action but also ambient pressure, and indicates the dynamics of reliability over time, making it ideal for VDT operational studies in special environments. Thus, an improved human reliability method based on traditional HCR was combined with LM-BPNN. The two techniques play complementary roles.

First, relevant data were collected for the size of the contact area between different fingers and the VDT interface, sizes of the control keys, the distance between the control keys, and the operation error rate. The BA was used to improve a BPNN to define the relationships among operator-related states, control key attributes, and operation error rate data for predicting the operation error rates in different special states. This provided a basis for some special cases in which high-cost testing is typically needed to reach a conclusion. Second, to increase the accuracy of traditional HCR, the output of the developed analysis model was combined with a third PSF called the HMI factor to increase the accuracy of the evaluation results. Because the basic data provided by HCR are mainly derived from relevant studies of nuclear power plants, it is necessary to adjust the relevant data in combination with the actual situation and specific environment. More reliable and effective results can be achieved via HCR based on the data fitted and predicted by the BA improved LM-BPNN under the special environment of medical device operation. Third, the rationality and effectiveness of the proposed model of ergonomic reliability were verified using eye tracker experiments as a type of unbiased research. For the three VDT interface design models proposed in this research, the time required to complete PCR equipment operation was recorded, and the results were statistically consistent with the analysis results of the proposed method.
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Table 2: Correction coefficient K values for the PSFs

PSF Correction coefficient K
Well trained —0.15
Training (K) Trained in general 0.00
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HMI (K5) Calculated using Eq. (14)
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