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Abstract

This article describes the theoretical underpinnings that preceded the design of a new neonatal pulse oximeter alarm that differentiates true from false alarms based on an artificial intelligence theory called "fuzzy logic." The connection between the intuition and sense of advocacy gained through neonatal primary nursing and the application of fuzzy logic to solve the problem of false alarms-that is, the symbiosis between nurse and machine-are explained. Emphasis is placed throughout on the importance of involving nurses in the development of the technology for which they are responsible.


  An infant cannot ring a bell for the nurse. Infants cannot speak to make their needs known and exist in a relatively defenseless and vulnerable state. This vulnerability is more pronounced when the infant is premature or ill and dependent on highly technological life-support equipment. The unfamiliar and frightening sights and sounds can make parents feel overwhelmed and physically ill. [1]

  A primary nurse who consistently cares for the infant and family in the intensive care nursery, sometimes for months, comes to understand the infant's comfort needs, behavioral cues, physiological symptom patterns, and medical plans. [2] The nurse develops embodied knowledge of the infant and acts intuitively on behalf of the infant as an advocate. [3-6] The experienced nurse can appropriately blend technology with personal knowledge about the infant to make clinical decisions instead of relying solely on monitors and numbers.

  The expert neonatal nurse also manipulates the environment to protect and help the vulnerable infant and parents. One form of this advocacy involves efforts on the nurse's part to actively select, lobby for, and participate in the design of technological monitoring devices that are better for the infant and family in terms of accuracy, reliability, safety, ease of use, and effects on the neonatal environment. One such monitoring device used in intensive care nurseries is the pulse oximeter.

  The pulse oximeter is a spectrophotometric device that measures oxygen saturation by differentiating light absorbances of reduced and oxygenated hemoglobin during arterial pulsations. [7] It is an attractive monitor for neonatal nurses because it measures oxygenation noninvasively and continuously. Although the reliability of the pulse oximeter is well established in adult, [8,9] pediatric, [10,11] and neonatal [12,13] populations, in all of these studies the correlating arterial blood gases were obtained while the subjects were quiet and when the oximeter pulse rate was equal to the cardiac monitor heart rate. In the intensive care nursery, all but paralyzed or moribund infants move and cause interference to the pulsations sensed by the pulse oximeter, which causes false alarms. [14,15]

  Motion artifact has been estimated to occur 12 percent to 29 percent of the time, resulting in poor specificity. [16] Motion artifact has been identified consistently as a limitation of the pulse oximeter when used with neonates. [17,18] This frequent sounding of alarms may be overstimulating for infants and parents and dangerous if it causes a "cry wolf" response among nurses and other caregivers, which could result in hypoxia or hyperoxia.

  This article describes the theoretical underpinnings that preceded the design of a new neonatal pulse oximeter alarm based on an artificial intelligence (AI) theory called "fuzzy logic." Emphasis is placed throughout on the importance of involving nurses in the development of the technology for which they are responsible.
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  SIGNIFICANCE OF A NEW TECHNOLOGY

  Noninvasive pulse oximeters are being used by nurses in fewer than 600 intensive care nurseries in the United States for more than 80 percent of mechanically ventilated infants. [18] Pulse oximeters are just one of many technological devices being used in intensive care nurseries in an attempt to accurately measure and carefully monitor the level of oxygenation in infants.

  Since the 1954 publication of the association between retrolental fibroplasia in premature infants and high concentrations of inspired oxygen, efforts have been made to develop accurate methods of measuring oxygenation in infants. Whereas excessive arterial oxygen has been associated with retrolental fibroplasia, changes in pulmonary epithelium, and bronchopulmonary dysplasia, [19,20] inadequate oxygenation has been associated with spastic diplegia, delay in tissue growth and function, and increased pulmonary vascular resistance. [21,22] Bronchopulmonary dysplasia is the major cause of significant morbidity among survivors of respiratory distress syndrome. [23] Each year in the United States up to 30 percent of low birthweight infants and others who survive intensive nursery care have long-term sequelae of neurodevelopmental disorders, blindness, or chronic respiratory problems. [23,24]
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  ARTIFICIAL INTELLIGENCE IN THE INTENSIVE CARE NURSERY

  During the same years when the highly technological intensive care nursery was evolving, much work was done in the area of AI computer programming. The goal of AI scientists has been to impart to computers rules that would enable them to perceive and understand meanings and to problem solve and make decisions. Many of these early efforts were supported financially by the US Department of Defense, and scientists believed that computers with AI could replace human beings in certain endeavors. [25]

  Because of this work and the increasingly technological nature of the intensive care nursery, some timely questions arise. Can a machine replace the monitoring and decision-making functions of an expert nurse in the intensive care nursery, or in contrast, can the "intelligence" of monitors be improved to assist nurses, who are experts in their "domain"?
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  Progress

  "One might say that cognitive science has a very long past but a relatively short history." [26] (p9) Artificial intelligence, one branch of cognitive science, is not a new phenomenon. It has its roots in ancient Greek philosophy, with Plato's love of explicit principles and definitions and Aristotle's insistence on logical thinking and his development of the syllogism. The syllogism, although dependent on assumptions, was the basis for modern linear system theory. [25]

  In the late 1930s a digital computer was designed by Claude Shannon from complicated series of on-off switches and manipulated quantifiable symbols. [26] By the end of the 1950s, researchers such as Alan Newell and Herbert Simon saw that the symbols could represent facts and that rules could be programmed to describe relationships among the facts. They believed that computers could be used to simulate logical thinking and began to call these computers "logic machines." It was thought that these computers, if programmed with enough data and rules, could solve problems, read stories, recognize patterns, and interpret language. Newell and Simon wrote, "Man is to be modeled as a digital computer," [27] (p5) and it was this epistemological belief that dominated the early work in AI.
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  Limitations

  By the 1970s the limitations of AI were identified. The early AI goals that a computer could be designed in 20 years to understand, reason, solve problems, and plan as well as (or better than) a human were seen as overambitious, excessive, and even dangerous. Some felt that certain experiences and tasks should be left to humans. [28]

  The lack of progress in AI work was attributed to the assumptions that all human intelligence could be described in logical terms. What was lacking in some of the early game-playing, linguistic, and problem-solving programs were the human capacities for fringe consciousness, ambiguity tolerance, common sense understanding, adaptation to changing relevance, and embodied knowledge. [25,29] The attempt to capture human, temporal, situated, continuously changing know-how in a computer as static, desituated, discrete "knowing that" has become known as the "frame problem." [25] (p82)

  The phenomenologic view that humans understand a phenomenon by contextual, cultural, practical, embodied life meaning and not by rules [30-32] was contrary to the linear, inferential, and logical underpinnings of AI. While Dreyfus and Dreyfus's [25] competent human skilled performer uses rules and a proficient performer still analyzes, an expert acts reflexively, without thinking of rules. The expert discriminates and associates knowledge and experience holistically to problem solve. Sometimes this common sense, intuitive understanding defies logic. When experts are forced to explain how they made a decision so that logic can be programmed into a computer, they begin thinking like a competent performer, and so does the computer.

  The early AI efforts did not result in computers that could translate language, win a chess game, or give psychological advice. The early databases were so broad that the heuristic searches were time consuming and the results often disappointing because the decision rules were defined for limited contexts. The meanings were defined so literally that a conversation with a computer was successful only on the most simple level.

  One advancement during this time was the development of expert systems. An expert system is an intelligent computer program that uses knowledge and inference procedures to solve problems that are difficult enough to require significant human expertise for their solution. The knowledge necessary to perform at such a level, plus the inference procedures used, can be thought of as a model of the expertise of the best practitioners of the field. [33]

  The development of expert systems has solved some of the early AI problems because facts and rules within a specific and limited expert domain are programmed so that there is improved precision and speed, although blindness to contextual elements persists. [34] The idea that expert systems could replace educators has been criticized because of the inability to impart true expert intuition into computers. However, expert systems have been successfully used as teaching tools. The MYCIN medical diagnostic program is an example of an expert system that is used to help train physicians to think of possible diagnoses without replacing the clinician or the educator. [25,26]

  The value of expert systems has been acknowledged when they empower the experts to make better use of their human wisdom: "If we fail to put logic machines in their proper place, as aids to human beings with expert intuition, then we shall end up servants supplying data to our competent machines." [25] (p206) What emerged was an expert system that could assist humans in everyday practice because it could handle the contextual ambiguities of real life.
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  FUZZY LOGIC THEORY

  An understanding of the relevant theory begins with a discussion of fuzzy logic and its appropriate application to the pulse oximeter: "Unlike traditional logical systems, fuzzy logic is aimed at providing a model for modes of reasoning which are approximate rather than exact. In this perspective, the importance of fuzzy logic derives from the fact that almost all of human reasoning-and especially commonsense reasoning-is approximate in nature." [35] (p95) Fuzzy logic is an unconventional type of AI. It has its roots in the introduction of quantum mechanics, with its inherent ambiguities, and in the work done on fuzzy systems by Lukaciewicz in the 1920s. [36,37] In 1965, Zadeh [38,39] realized that many concepts out sharply defined boundaries could not be defined by conventional linear system theory.

  For example, in describing the concept of age (eg, youth or middle age), various ages grouped around a point on a 0-to-1 continuum could be members of a set with the label of "very young." Some ages within the very young set will also be members of the young set, and so forth. Within each set a given age will have a certain degree of membership to that set. The degree of membership of the variable (eg, a certain age) is weighted by determining how experts judge the degree of membership in the set (eg, middle age or old age). This may pertain to concepts such as height, weight, amount color, light, and heat. [38]

  Fuzzy logic has been applied to machines that require interpolative reasoning when a degree of uncertainty exists and information is incomplete. Ambiguous, slowly varying variables are defined in terms of continuous degrees of membership (on a continuum from 0 to 1) in a set. Domain experts are consulted to determine the class of membership functions for the input variables. [37] The results of the system are based not on the programmed judgement rules of experts, which would reduce the computer knowledge to competency, but on actual expert judgements much like content validity analyses. [25]

  With conventional computer logic, the circuitry rules are rigid in a series of if-then statements. The number of variables and the order in which they are considered require much programming information and memory and often result in inaccuracies because of the difficulty of borderline cases. With fuzzy logic, the rules are similar except that the solution is expressed as a fuzzy probability. The system assigns a value proportional to the extent to which the data meet the rule. [35,37,39] Fuzzy probabilities are perceptions of likelihood (eg, very likely, unlikely, not very likely). [38]

  The rules of fuzzy logic programs allow the computer to identify similarities between the interpolated data entered and their programmed fuzzy predicates. This reduces the number of if-then rules in the knowledgebase. The result of the fuzzy logic programming is a decision set (eg, different types of alarms for artifact or oxygen desaturation).

  Although developed in the United States, fuzzy logic has been slow to gain popularity here and was initially criticized. Some of Zadeh's colleagues were skeptical and hostile when he presented his theory almost 30 years ago. One colleague said, "Fuzzy theory is wrong, wrong, and pernicious. What we need is more logical thinking, not less. The danger of fuzzy theory is that it will encourage the sort of imprecise thinking that has brought us so much trouble." [35] (p100) The reticence to accept fuzzy logic has been attributed to the Western Aristotelian orientation to science versus the Asian tradition of holism. [35,36] Fuzzy logic has been incorporated into many devices in Japan such as subway brake systems, rice cookers, washing machines, cameras, and robotics.

  During the course of a previous study, [40] after viewing hundreds of pulse oximeter oxygen saturation tracings, the author and her colleagues identified characteristic patterns of oxygen saturation signals that were attributed to artifact compared to true signals. Because the pulse oximeter involves a decision function and describable patterns of change of relevant variables, the application of fuzzy logic was thought to be appropriate to the development of a new alarm system.
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  PARALLEL STUDY OF DECISION MAKING IN NURSING

  Nursing's "capitulation to scientism" [41] (p32) became evident in the 1950s and 1960s. It has been attributed to the nursing community's efforts to be recognized as a profession and a discipline in the era of the prevailing rationalistic view of knowledge development. [42]

  Since the 1970s, in an effort to provide rationale for nursing practice, nurses have developed formal standardized taxonomies to describe and prescribe nursing diagnoses and interventions. [43] The need to objectify and quantify is evident in reports of development of tools that measure perceptions of clinical decision making and the use of statistics to analyze problem-solving style during simulated and actual situations. [44] Decision-making approaches and influential factors have been described for educational purposes [45] or simply because "the use of a systematic and objective decision process would be important." [46] (p74) Information processing and expert systems theories have been used as a basis for analyzing clinical decision making for educational purposes. Expert system programs have been developed for computer-assisted decision making, nursing diagnosis, and care planning with the promise of saving time and money. [47,48]

  The study of intuition in clinical decision making has emerged from a different perspective. One could argue that the holistic, nonrational, subjective knowledge that is now often called "intuition" was valued during the first half of this century because of early written descriptions of nurses' creative solutions, imagination, instinct, and awareness of patients' feelings. [49] However, the term was used only once in the literature from 1900 to 1985. [49]

  The concept of intuitive expertise gained popularity in the 1980s. Like Zadeh's observations about the inadequacies of linear systems theory, nurse scientists realized that the existing rationalistic approaches to the study of clinical decision making could not explain how correct decisions were made in the face of ambiguous or meager data. [2,5,50,51]

  Benner's [3] work describing novice to expert clinical nursing practice was based on the Dreyfus and Dreyfus [25] model of skill acquisition. Benner's underlying philosophical approach was phenomenologic, describing how a nurse gains expertise through experience. Expert performance of skills and clinical judgements, or embodied intelligence, allows the nurse to see patterns within complex clinical information: "It is the unique, remarkable capacity of the body to cope with vague, 'fuzzy' information and regions of influence and tension that makes possible the human capacity to function in ambiguous, underdetermined situations." [52] (p53)

  The novice must solve problems using theory and rules, but with actual practice the nurse tests theory and the approach changes. An expert makes decisions based not on rules, but on intuitive, embodied knowledge. Benner [3] used nurses' stories of memorable cases and Heideggerian interpretive methods to describe the phenomenon because of her belief that expertise could not be reduced to a description of decision-making rules.

  Although the importance of cues, pattern recognition, and categorizations have been related to intuitive knowledge, it is the holistic gestalt, the gut feelings, and the subtle falling out of patterns that are more often characterized. Qualitative methods have been used in the study of intuitive decision making in an effort to capture the immediate, holistic, and experiential nature of this phenomenon. [3,50,53,54]
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  SYMBIOSIS OF NURSE AND MACHINE

  To value the role of intuitive knowledge in clinical decision making need not diminish the benefits of technology. Schraeder and Fischer, [2] in a study of intuitive knowledge in the neonatal intensive care nursery, stressed that both biomedical and intuitive knowledge should be valued in nursing practice. Ford [55] explored the possibility of how computers and technology can transform nursing negatively if they limit thinking and creativity or positively if they promote expediency, efficiency, and precision.

  In a study of the impact of machines on critical care work, nurses reported that in their roles as guardians of the patient, they acted as coordinators of machines and patient care: "Being the 'coordinator' required and have input into machine use." [56] (p51) The nurses in McConnell's [56] study advocated for their critical care patients by selecting machines for the unit, and participating in machine design. The nurse is responsible for both the technical and psychosocial aspects of patient care, balancing machines and human response in health care. [57] From a phenomenologic perspective, machines can become an extension of a person and can result in a type of symbiotic relationship. [31,32,58]
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  "Cry wolf" response to false alarms

  The frequent excessive sounding of pulse oximeters is dangerous if it causes a "cry wolf" response among nurses and other caretakers:

  In most cases caregivers have become deafened in their response to a true SpO2 alarm condition, most commonly silencing the alarm without evaluating the infant's condition. To reduce the frequency of alarms, some institutions have sedated the infants, restrained the monitored limb, broadened the alarm set points, or reduced the update time of the monitor to dampen the response (for example, 15-sec display average). None of these maneuvers should be considered clinically acceptable because they each present the infant with an added risk. [17] (p341)

  The expert primary nurse can readily differentiate between motion artifact and true events at a glance based on intuitive knowledge of clinical attributes but may tend to ignore the alarms during periods when the infant is moving. The novice nurse or the nurse who does not know the infant well, who tends to approach any alarm in the same deliberative fashion, may become overwhelmed by the false alarms and may eventually fail to respond if he or she is preoccupied with other demands.
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  Fuzzy logic for a neonatal pulse oximeter alarm

  With a technical team, the author developed a fuzzy logic computer prototype alarm system (patent pending) using fuzzy sets of oxygen saturation, rate of change of oxygen saturation, and artifact. In a study of the prototype device, it was shown that the fuzzy logic pulse oximeter alarm system has improved specificity without compromising sensitivity when compared with a conventional pulse oximeter alarm system. [59] The prototype alarm system had 34 percent fewer false positive alarms and did not miss any true alarms. When used to monitor oxygenation in infants, this system with fewer false alarms may decrease the "cry wolf" response among caregivers.

  Artificial intelligence and decision making in nursing have had similar courses in the search for alternative approaches to the rationalistic view of knowledge development. A phenomenologic view of embodied intelligence allows for a symbiosis of intuition and rationalism or, in this case, nurse and machine. Development of computer programs that better approximate human interpolative thought can aid, although not replace, the expert primary nurse.

  The study of information technology has been identified as a nursing research priority by the National Center for Nursing Research. [60] Emphasis for future work has been placed on determining the best techniques for eliciting specific types of knowledge and development of methods for transforming this information into efficient computer algorithms to produce clinically relevant expert systems for nurses. This area of inquiry and work has tangible implications for the clinical nurse. If nurses are allowed to participate in the development and testing of expert systems in their domain, then we may be able to advocate for our patients by ensuring the use of appropriate technology in the future health care system.
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