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Abstract

Intelligent systems have appeared in many technical areas, such as consumer electronics, robotics

and industrial control systems. Many of these intelligent systems are based on fuzzy control

strategies which describe complex systems mathematical models in terms of linguistic rules. Since

the 1980s new techniques have appeared from which fuzzy logic has been applied extensively in

medical systems. The justi®cation for such intelligent systems driven solutions is that biological

systems are so complex that the development of computerised systems within such environments is

not always a straightforward exercise. In practice, a precise model may not exist for biological

systems or it may be too dif®cult to model. In most cases fuzzy logic is considered to be an ideal

tool as human minds work from approximate data, extract meaningful information and produce

crisp solutions. This paper surveys the utilisation of fuzzy logic control and monitoring in medical

sciences with an analysis of its possible future penetration. # 2001 Elsevier Science B.V. All rights

reserved.
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1. Introduction

The last couple of decades have witnessed signi®cant developments in control systems

theory. In the meantime, developments in electronics and computers have resulted in many

application areas of control systems theory. Although medicine is a science which is not

related to control engineering, it is being affected to such an extent that it is now possible to

use available control techniques for on-line devices, especially during surgical operations
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and in intensive care units. The current application areas of control engineering in medicine

constitute a wide spectrum ranging from simple dosage prescription schemes to highly

sophisticated adaptive controllers.

In medicine, the principle of `̀ measuring everything measurable and trying to make

measurable what has not been measurable so far'' (Galileo) is still practised, nevertheless,

some fundamental limitations have already being recognised. Real world knowledge is

characterised by incompleteness, inaccuracy, and inconsistency. Fuzzy set theory, which

was developed by Zadeh [73], makes it possible to de®ne inexact medical entities as fuzzy

sets. It provides an excellent approach for approximating medical text. Furthermore, fuzzy

logic provides reasoning methods for approximate inference.

This paper presents a survey of the utilisation of fuzzy logic control and monitoring in

medicine based on National Library of Medicine (USA) and INSPEC. The word `̀ fuzzy''

was used with `̀ control or monitoring or treatment or therapy or planning''. The survey

uses longitudinal rubric (time scale) as well as transversal rubric (intellectual connectivity

of medical disciplines).

2. Fuzzy control and monitoring in medical ®elds

Imprecisely de®ned classes play an important role in human thinking. Fuzzy set theory

derives from the fact that most natural classes and concepts are fuzzy rather than of crisp

nature. On the other hand, people can approximate well enough to perform many desired

tasks. The fact is that they summarise from massive information inputs and still function

effectively. For complex systems, fuzzy logic is quite suitable because of its tolerance to

some imprecision. In the following sections a brief description is given of the key

contributions that fuzzy control, estimation, and measurements technology have made

in each of the topics identi®ed in the medical literature search.

This survey was conducted in order to establish a roadmap that is able to forecast the

future developments of fuzzy control and monitoring technology in medicine and

healthcare. The medical activities have been divided into seven ®elds, each of which is

further divided into special applications that belong to each ®eld. A total of 34 sectors were

de®ned. These sectors are organised in a hierarchical scheme according to the medical

procedures. This means that signi®cant methodologies relationships and demands can be

correlated. This scheme substantiates the hypothesis that a successful application in one

sector should lead to a successful application in the neighbouring sector.

2.1. Conservative disciplines

Conservative medicine can be classi®ed into the following disciplines: internal

medicine, cardiology, intensive care, paediatry, endocrinology, oncology gerontology,

and general practice. The literature search only found limited application of fuzzy

control mostly in general practice and cardiology. Fuzzy logic is utilised for improved

monitoring in pre-term infants [70]. A self-organising anomaly detection system for

an electrocardiogram (ECG) using a fuzzy logic reasoning method was also developed

[2].
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2.2. Invasive medicine

The invasive medicine ®eld involves surgery, orthopaedics, anaesthesia, and arti®cial

organs. The ®eld of surgery is very wide as many factors contribute to it such as

diagnostics, image processing, patho-physiological reasoning, and anaesthesia control.

In anaesthesia, many applications have been reported in the use of fuzzy logic to control

drug infusion for maintaining adequate levels of anaesthesia, muscle relaxation, and

patient monitoring and alarm. In the ®eld of orthopaedics, there has been no reported

application of fuzzy control.

The ®eld of anaesthesia is where most of the applications of fuzzy control have been

reported. It involves monitoring the patient vital parameters and controlling the drug

infusion to maintain the anaesthetic level constant. It includes depth of anaesthesia [1],

muscle relaxation [34,69], hypertension during anaesthesia [51], arterial pressure control

[74] and mechanical ventilation during anaesthesia [58], and post-operative control of

blood pressure [72].

Different methods have been used which utilise fuzzy logic, the ®rst being a real-time

expert system for advice and control (RESAC) based on fuzzy logic reasoning [22]. Later

examples involve a basic fuzzy logic controller [34], self-organising fuzzy logic controller

[32], and hierarchical systems [56]. Recent work in anaesthesia monitoring and control

concentrated on a multi-sensor fusion system using cardiovascular indicators, such as

systolic arterial pressure (SAP), heart rate (HR) and audio evoked response signals (AER)

[36]. The two measures are fused together to obtain a ®nal measure of depth of anaesthesia

(DOA). Fuzzy rule-base classi®ers were designed and included in a closed loop control

system to determine the target propofol concentrations in the blood and hence the drug

administration regime.

Most of the fuzzy logic control applications in the ®eld of arti®cial organs are concerned

with arti®cial hearts. A fuzzy controller has been implemented for adaptation of the heart

pump rate to body perfusion demand by pump chamber ®lling detection [28]. Another

more advanced system, which is based on neural and fuzzy controller for arti®cial heart,

was developed by Lee et al. [37]. Future prospects for cardiac assisted patients involving

fuzzy logic was described by Mussivand [45].

2.3. Regionally de®ned medical disciplines

There are different ®elds which belong to regionally de®ned medical disciplines:

gynaecology, dermatology, dental, ophthalmology, otology, rhinology, laryngology and

urology. Although there are many application ®elds, the literature search has only resulted

in a single application of fuzzy inference to dental medicine. Although the application is

not directly related to control, it utilises fuzzy inference for personal identi®cation/sex

determination from teeth [62].

2.4. Neuromedicine

Neurology, psychology, and psychiatry are the sub-subjects of the neuromedicine ®eld.

The neurology sector did not score literature on fuzzy control. In psychology, there has
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been modelling of the functional status of a human operator based on fuzzy logic which is

used to predict and evaluate the operator's behaviour [7]. Also, fuzzy logic was used to

analyse the effect of face expression on speech perception in direct communication [41].

The prediction of patient response to new pharmacotherapies for alcohol dependence has

been measured using fuzzy logic since it has been not successful using standard statistical

techniques [46].

In the ®eld of psychiatry, a complex psychiatric computer expert system, including

functions that help the physicians and the hospital staff in the administrative, diagnostic,

therapeutic, statistical, and scienti®c work has been developed [30]. Recent work by Toglia

and co-workers [64] showed results of experiments which highlighted the persistence of

the `̀ false memory effect''. Analysis of such results revealed that semantic processing was

the primary factor, and interpretations, which rely on fuzzy theory, were proposed.

2.5. Image and signal processing

Image and signal processing are mainly concerned with signal processing, radiation

medicine, and radiology. The application of fuzzy control is divided into two sections,

control and monitoring. Most of the applications have been concerned with signal

processing. The ®rst application is a combined fuzzy monitoring and control of the

electrical and chemical responses of nerve ®bres [3]. Another application is the automation

of matrix-assisted laser desorption/ionization mass spectrometry using fuzzy logic feed-

back control [25]. Fuzzy feedback control was implemented for arti®cial ventilation of

lungs [66]. On the monitoring side, fuzzy signal processing has been implemented in many

applications such as sleep monitoring [18], monitoring of pre-term infant [70], clinical

monitoring of disease progression [60], and analysis of eyes movements [4]. Recently,

Ogawa and co-workers [49] proposed a three dimensional ultrasonic imaging and digital

processing method for extracting and constructing a breast tumour. The automated system,

which is intended for the diagnosis of breast tumours, uses fuzzy reasoning with member-

ship functions de®ned as Rician distribution functions.

Radiation medicine is mainly concerned with tumour monitoring and quanti®cation.

Fuzzy clustering is used to analyse magnetic images of tumour response to therapy [65,67].

In another application, high-energy radiotherapic images with poor-quality, have used a

fuzzy image enhancing process [31]. Lastly, a two-dimensional image restoration tech-

nique using fuzzy logic was developed for diagnostic and treatment planning in radiation

therapy [11].

2.6. Laboratory

The only direct application of fuzzy control strategies was the application of pH-state to

fed-batch cultivation of genetically engineered Escherichia coli. The control of the

substrate concentration at an appropriate level was sought in order to avoid the accumula-

tion of acetate, thereby elevating the expression level of plasmid-encoded protein [26].

Analysis and interpretation of laboratory data sets was the other indirect application of

fuzzy logic. Two typical applications are: interpretation of patho-physiology by laboratory

data [59], and analysis of the variations of clinical test data on fasting therapy using a fuzzy
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similarity dendrogram [50]. Garibaldi and Ifeachor [17] describe a fuzzy expert system for

the blood analysis of the umbilical cord of infants immediately after delivery. The system

hence built has the ability to provide valuable information on the health of the newly born

infant and guide requirements for neonatal care. Fuzzy logic is used as a basis for this work

due to the errors contained in the collected data which render other techniques unable to

interpret the results accurately.

2.7. Basic science

Basic science consists of different categories: medical information, anatomy, pathology,

forensic medicine, genetics, physiology, pharmacology, and education. The use of fuzzy

logic in medical informatics began in the early 1970s. Recent work on fuzzy controllers is

more concerned with stability, self-organising, and synergies with other computing

techniques such as neural networks and genetic algorithms. Management and retrieval

of information using fuzzy logic is one of the possible application discussed by Chiodo

et al. [13]. Recently, a decision support system running across the World-Wide Web was

designed by MacCall and Petrovski [42]. The client server contains a database of treatment

information with optimisation possibilities using genetic algorithms; the system being

currently under trial in the United Kingdom. More recently, Sadegh-Zadeh [52,53] devoted

two papers to the development of a fuzzy theory for health, illness, and disease; an

extensional-recursive scheme for de®ning the controversial notion of disease is proposed

that also supports a concept of fuzzy disease. A sketch is given of the ball theory of disease.

In the ®elds of anatomy, pathology, forensic medicine and genetics, there are many

application of fuzzy logic mostly based on image analysis and fuzzy clustering. In

pathology, an expert system was used based on fuzzy logic for reasoning with uncertainties

in selecting treatment strategy suitability [21]. In forensic medicine, fuzzy logic was used

to personal identi®cation (sex determination) from teeth [62]. In genetics, fuzzy logic has

been used to develop control strategies for the application of pH-state to fed-batch

cultivation of genetically engineered Escherichia coli [26]. Recent work on genomes

by Sadegh-Zadeh [54] showed that genetic information in particular and genetics in

general become amenable to fuzzy theory, geometry, and topology. This research work

comes at a crucial time as more and more researchers are anxious to see this part of science

develop rapidly and successfully.

In pharmacology and biochemistry, fuzzy logic prediction was used for the rodent

carcinogenicity of organic compounds using a fuzzy adaptive least-squares method [44]. In

education, the use of fuzzy logic has different facets. Fuzzy mathematics was utilised for

evaluating the teaching of students in a clinical setting [12]. Evaluation of the self-taught

ability of nursing administrators with fuzzy medicine was also reported [68].

2.8. Healthcare

There has been a growing interest in healthcare among many people. Some topics related

to healthcare are: drinking water quality, driving fatigue, health risks in work environment

[19], and healthcare organisations. For instance, Yamaguchi and co-workers [71] devel-

oped a fuzzy-based workload control system based on principal component analysis of
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heart rate and myoelectric signals. Such as system proved ef®cient in reducing fatigue in

terms of cardiovascular activity, respiration and muscles in old adults.

During the management process in health organisations, certain situations can arise

when data necessary for decision-making is in fuzzy form. As an example, the problem of

resource allocation among consulting rooms in the outpatient division of one hospital in

Tbilisi was chosen. The aim is to minimise patients' queues as well as physicians' idle time

[27].

3. Fuzzy control techniques

Various therapeutic situations are related to control problems. Although the early

medical systems appeared at the same time as the article by Zadeh [73], there has been

little communication between the research ®elds, but recently this has changed due to the

developments in computer systems, and rapid development of the literature searching

methods motivated by the Internet and the World-Wide Web. Many systems are being

developed which utilise fuzzy logic and fuzzy set theory.

3.1. Basic controllers

Fuzzy rule-based systems include many aspects of fuzzi®ed values, such as the rules

antecedents and consequence. The rules structure are usually of the form IF . . . THEN. In

its basic form this type of control is equivalent linguistically to a PI controller, and

depending on the output, whether it is incremental or absolute, the controller is known as PI

or PD respectively. An example of such a rule is IF `̀ blood pressure is above the target and

decreasing slowly'', THEN `̀ reduce drug infusion''. A more sophisticated structure can be

a PID controller, where the input, its derivative, and integral are considered as three inputs.

The rules are composed either from the expert (anaesthetists) or crafted by hand depending

on the experience of the programmer. This includes tuning the membership functions in

terms of the shape, width and position. This type of controller is widely used and is the most

applicable control type in anaesthesia [16].

3.2. Rule-based open-loop systems

Deterministic open-loop fuzzy control approaches have been proposed in many applica-

tions. Generally, in an open-loop con®guration, it is assumed that the pharmacokinetics

relationships can be modelled exactly by a linear system with known parameters. Open-

loop fuzzy control is based on a different approach. Rather than assuming the patient model

is known, the physiological behaviour is modelled using control rules and actions. Most of

the controllers are advisory systems. In healthcare, the `̀ heaviness'' is de®ned by means of

fuzzy sets for advising workers how heavy their workload is [19]. Also, fuzzy control was

used to develop a computer-based system for control of oxygen delivery to ventilated

infants [61]. An open-loop system for treatment of diabetic out-patients was developed for

calculating the insulin dose [29,57]. Advisory expert systems can also be considered as

open-loop controllers for advising on drug administration in general anaesthesia [22].
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3.3. Rule-based closed-loop systems

Closed-loop control in medicine emerged as a serious contender for many forms of

control in late 1970s. It was pioneered by Sheppard et al. [55] and Asbury et al. [5] when

they demonstrated through clinical experiments that this form of control is safe, effective

and in many cases better than manual control. Closed-loop control methods can be divided

into two groups: adaptive and non-adaptive. In a following section, more details are given

of the different types of closed-loop controllers.

3.4. Self-learning systems

Self-learning systems are concerned with the control of systems with unknown or time

varying structure or parameters. The self-organising fuzzy logic controller has the ability to

realise adaptation by building its fuzzy rules on-line as it controls the process, altering and

adding as many rules as it judges necessary from off-line criteria. This approach has many

successful applications in the control of muscle relaxation [32], and simultaneous control

of blood pressure and muscle relaxation [38].

3.5. Model based and adaptive systems

Model-based and adaptive systems are most successful when a physician plays a part in

the closed-loop. The adaptive scheme plays an important role in adapting the controller to

changes in the process (patient) and its disturbances. Fuzzy modelling and control are often

based on qualitative assessment of the patient condition using fuzzy inductive reasoning

[47,48]. A self-adaptive fuzzy controller with reinforcement learning is yet another

technique applied to simulation of a paraplegic standing up [14]. Even for patient

monitoring, adaptive controllers are being utilised for intelligent monitoring of diabetic

patients [8]. A new type of adaptive fuzzy control system based on the Takagi-Sugeno

Kang (TSK) modelling approach has also been shown to track accurately complex

trajectories when controlling arm movements via electrical stimulation of muscles

[43]. This approach has proved popular since it allows the integration of the popular

Recursive Least-Squares parameter estimation for the various fuzzy partitions; the

estimated model can either be linear or nonlinear.

3.6. Hybrid systems (neural, genetic and wavelets)

Reasoning with fuzzy logic is possible without the need for much data because the

backbone of the logic is expressed as IF±THEN rules. However, the rules cannot be

expressed unless the logic is de®ned, when there are unknown logical relationships. Thus

attempts are being made to combine different techniques such as neural networks and

genetic algorithms, with fuzzy logic organising the mapping relationship by learning.

Neurofuzzy networks were developed by fusing the ideas that originated in the ®elds of

neural and fuzzy systems [10]. A neurofuzzy network attempts to combine the transparent,

linguistic, symbolic representation associated with fuzzy logic with the architecture and

learning rules commonly used in neural networks. These hybrid structures have both a
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qualitative and a quantitative interpretation and can overcome some of the dif®culties

associated with solely neural algorithms which can usually be regarded as black box

mappings, and with fuzzy systems where few modelling and learning theories exist. Many

applications are being reported using fuzzy-neural control [37] and modelling [35].

Although writing fuzzy rules is easy, speci®c forms of membership functions are much

harder to derive. In this case a genetic algorithm (GA) is used to adjust the membership

function towards convergence. GA's are exploratory search and optimisation methods that

were devised on the principles of natural evolution and population genetics. Modelling

clinical data can be achieved using genetic-fuzzy logic techniques [35].

Cascading two techniques is another approach to hybrid fuzzy control, for example, by

using the discrete wavelet transform analysis to extract features from the clinical data, then

feeding the features to a fuzzy logic system (clustering or neurofuzzy) to extract the ®nal

output [33]. This methodology was also applied for forecasting generalised epileptic

seizures from the EEG signal by wavelet analysis and dynamic unsupervised fuzzy

clustering [20]. The integration of evolutionary computing (genetic algorithms) to auto-

matically optimise the parameters of fuzzy type controllers has also been considered: in the

case of a self-organising fuzzy logic control (SOFLC) scheme for muscle relaxation [39] or

a simple fuzzy logic based controller for functional electrical stimulation (FES) of hips

[15].

3.7. Hierarchical and supervisory systems

A totally fuzzy logic-based hierarchical architecture for manipulating procedures on a

complex process (i.e. the patient) has been developed [56]. The novel hierarchical

architecture for fuzzy logic monitoring and control of intravenous anaesthesia has two

main objectives: the primary task is to utilise auditory evoked response signals for

augmenting cardiovascular and body function signs into a multi-sensor fuzzy model-

based strategy for anaesthesia monitoring and control. The secondary task is to extend an

existing fuzzy patient model for use as a training simulator.

As for supervisory control, a multiple drug haemodynamic control system by means of a

fuzzy rule-based adaptive control system has been developed for controlling the mean

arterial pressure and the cardiac output. Supervisory capabilities are added to ensure

adequate drug delivery [23,24].

4. Fuzzy techniques for biomedical data analysis

4.1. Fuzzy clustering

Clustering algorithms are mainly concerned with partitioning the data into a number of

subsets. Within each subset, the elements are similar to each other. On the other hand,

elements from different sets are as different as possible. There are different fuzzy clustering

techniques based on unsupervised learning such as relation criterion functions, object

criterion functions, C-means clustering, etc. Most of the clustering techniques are being

applied to diagnosis. Fuzzy C-means clustering was applied for brain injury using
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magnetic resonance images [63], and tumour measurement in response to treatment

[65,67]. Fuzzy clustering has also been used for extracting single-unit spike trains from

extracellular recordings containing the activity of several active cells [75]. The method has

been shown to be more advantageous over other conventional approaches over a wide

range of signal-to-noise ratios.

4.2. Fuzzy classi®cation

Classi®cation differs from clustering by the labelling method, the former giving a label

to each data, while in the latter method a label is given to each data set. Supervised learning

is usually used for classi®cation. Although most of the fuzzy classi®cation applications

occur in the psychology ®eld [41], there are also forensic applications [62], classi®cation of

pathophysiology laboratory data [59], and data screening for breast cancer [40].

4.3. Fuzzy modelling and identi®cation

Fuzzy logic models can be developed from expert knowledge or from process (patient)

input±output data. In the ®rst case, fuzzy models can be extracted from the expert

knowledge of the process. The expert knowledge can be expressed in terms of linguistics,

which is sometimes faulty and requires the model to be tuned. Therefore, identifying the

process is a more attractive way of using the help of an expert knowledge. This process

requires de®ning the model input variables and the determination of the fuzzy model type.

There are two ways to develop a fuzzy model, the ®rst beings based on de®ning the initial

parameters of the model (membership functions) and selecting the rules construction

method (IF±THEN). Neurofuzzy algorithms are often used for the tuning of parameters

[6,9]. The second method is used if there is no knowledge about the process, and/or when

the rules and membership functions can be extracted directly from the data by clustering

the input/output space [36,67].

5. Conclusions

The information gathered in this study has been arranged according to its time of

publication with respect to the medical sectors as shown in Table 1. This will substantiate

the actual state-of-the-art, and also the dynamic process of the information in each sector

that can be determined. Table 2 considers the type of fuzzy technology used in medicine

and healthcare arranged according to its time of publication. This shows the type of fuzzy

technology developments in the ®eld of medicine during the last decade. Merging Tables 1

and 2 will give an overview of the type of fuzzy technology applied in each medical ®eld.

Based on this study, future developments of fuzzy control and monitoring technologies

in medicine and healthcare can be forecast. The sectors of medical activities can be brought

together in a hierarchical scheme according to the mode of the medical procedure. This

means that signi®cant methodologies, relationships and demands are correlated. This

scheme substantiates the hypothesis that a successful application in one sector should lead

to a successful application in neighbouring sectors.
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Table 1

Number of fuzzy technology publications applied in each medical sectors based on time scale

Publication year <1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999±2000

Conservative disciplines

Internal medicine ± ± ± ± 1 ± ± ± 1 ± ±

Cardiology ± ± ± ± ± 2 2 ± 2 3 9

Intensive care 1 ± ± ± ± 1 ± ± ± 1 2

Paediatry ± ± ± ± ± ± ± ± ± ± 1

Endocrinology ± ± ± ± ± ± ± ± ± ± ±

Oncology ± ± ± ± ± 1 2 ± 2 1 2

Gerontology ± ± ± ± 1 ± ± 2 2 2 1

General practice 1 1 ± ± 1 1 1 2 4 2 ±

Invasive medicine

Surgery ± ± ± ± 2 1 ± 2 3 1 1

Orthopaedics ± ± ± ± 1 ± 1 ± ± ±

Anaesthesia 4 1 1 4 4 4 2 5 7 2 7

Artificial organs ± ± ± ± ± ± 2 2 5 3 2

Regionally defined medical disciplines

Gynaecology ± ± ± ± ± ± ± ± ± ± ±

Dermatology ± ± ± ± ± ± ± ± ± ± 2

Dental medicine ± ± ± ± ± 1 ± ± ± ± ±

Ophthalmology ± ± ± ± ± ± ± ± ± ± ±

Otology, rhinology etc ± ± ± ± ± ± ± ± ± ± ±

Urology ± ± ± ± ± ± ± ± ± ± ±

Neuromedicine±

Neurology ± ± ± ± ± ± ± ± ± ± 2

Psychology ± ± ± ± 1 ± 1 2 1 2 ±

Psychiatry ± ± ± ± ± ± 1 ± ± 1

Image and signal processing

Signal processing 1 ± ± ± ± 1 1 2 2 2 14

Radiation medicine ± ± ± ± ± ± ± ± ± ± ±

Radiology ± ± ± ± ± ± ± 1 1 ± ±
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Laboratory

Biochemical & tests 3 1 ± ± 1 1 ± ± ± ± 1

Basic science

Medical information 2 ± 2 1 2 4 1 1 1 ± 6

Anatomy, pathology, etc. ± 1 ± ± 2 1 2 ± 1 2 ±

Physiology 1 ± ± ± ± ± ± ± 1 ± 6

Pharmacology 1 ± ± ± 1 ± ± ± 1 ± ±

Education 1 ± ± ± 1 1 ± ± 1 1 5

Nursing ± ± ± ± ± ± 1 ± ± ± ±

Healthcare 1 ± ± ± ± ± 2 ± 1 1 10
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Table 2

Type of fuzzy technology application in medicine and healthcare over time

Publication year <1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999±2000

Closed loop control 4 1 ± 1 3 5 3 6 9 3 13

Open loop control ± 1 ± 1 1 3 ± ± ± 2 1

PI, PID ± ± ± 1 ± ± ± ± 1 1 2

Identification ± ± ± ± 1 ± 1 ± 1 1 4

Model based 3 1 ± ± 3 1 5 4 8 6 13

Adaptive 2 ± 1 ± ± 2 4 ± ± 1 12

Monitoring ± ± ± ± ± ± 3 2 1 ± 3

Classification 1 1 ± ± 1 3 1 3 8 ± 11

Self-Learning ± ± ± ± ± ± ± ± 1 2 5

Hybrid ± ± ± 2 ± 2 3 1 4 3 5
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