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Introduction 
 
The rise in interest and research in the area of nonlinear dynamics or Chaos theory has 

led to the suggestion that Chaos Theory is one of the three greatest triumphs of the 

21st century (Bütz, 1997). Although there are now journals dedicated to the study of 

nonlinear dynamics in the social sciences, there are still many areas of research that 

would benefit from the incorporation of nonlinear dynamics understanding. The focus 

of this dissertation will be on showing the huge implications that a conceptual 

integration of Chaos Theory has brought to psychological research and theories. In 

order to gain an understanding of why a certain person acts in a particular manner or 

indeed why a group or society does, methodology has continuously selected a small 

number of variables, kept constant as best it could the others and sought to manipulate 

the variables of interest. In Psychology it has often been contended and formerly 

researched that to understand the group, individuals would need to be studied first. 

However, as systems, chaos and complexity theory state, such a reductionist 

methodology may be misleading, and the whole may indeed be greater than the sum 

of the parts (Bertalanffy, 1968). Further, emergence and self-organisation mean that 

studying individuals cannot fully inform you of the interactions of the group 

(Guastello, 2000; 2002; 2004). The following dissertation will not, however, explore 

the problems inherent in current psychological methodology (for such accounts see 

Clarke, 1987 and Waddington 1977). Instead, one of the sub-theories (though truly a 

theory in its own right) of the Systems approach will be analysed in detail, showing its 

advantages, disadvantages and general explanative power. Though other sub-theories 

of the Systems approach could just as credibly be discussed in great detail- such as 

hierarchical organisation and catastrophe theory, the focus of this paper will be on 

Chaos Theory. Hierarchical organisation and in particular catastrophe theory will be 

touched upon, though only in relation to Chaos Theory. 

 

Edward Lorenz (1963), a meteorologist modelling climate change in a computer 

simulation is often cited as being the first scientist to model Chaos (Gleick, 1987). 

Lorenz discovered by chance that by only entering a reading to 3 decimal places 

instead of 6, the system spiralled into outcomes far different than one would expect 

from such a small change in initial conditions. Lorenz had stumbled upon the 

principle of Sensitive Dependence on Initial Conditions (SDIC). This, briefly put, is 
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the fact that two points, starting from a position that is different to only an 

infinitesimally small degree, can diverge to give vastly different outcomes. Since 

Lorenz’s accidental discovery, the disciplines of Mathematics and Physics have 

furthered knowledge about chaotic systems immensely. This furthering of Chaos 

theory has allowed the social sciences to expand their theories and findings also 

(Guastello, 2004; Vallacher and Nowak, 1997). There is a general consensus over the 

terms used, and this has profitably led to the interdisciplinary advancements (cf 

Ferriere & Fox, 1995; Tong, 1995). Bütz (1997) gives clear and concise definitions of 

Chaos terminology with particular reference to psychology and a newcomer to the 

area is directed toward his work. For a general introduction to Chaos theory, without 

emphasis on Psychology, Gleick’s (1987) book is recommended. Whilst this 

dissertation is primarily aimed at a reader with at least a fundamental understanding 

of Chaos terminology, where appropriate, terms will be defined and explanations of 

phenomena given. This is done primarily to limit the possibility of misinterpretation 

stemming from different understandings of chaotic terminology.  

 

One explanation for the lack of impact Chaos theory has so far had in Psychology is 

due to people’s misunderstandings of the theory, rather than its actual lack of power 

in implications and knowledge (Mandel, 1995). The following dissertation will 

therefore discuss some of the more prosperous areas in which Chaos Theory has been 

used in psychology literature and understanding, with associated advantages, 

criticisms and future implications noted where necessary. The first part of the 

dissertation will give a review of existing literature. Of particular note are the areas 

of: Attitudes, Clinical Psychology, Motivation ‘Flow’ and Catastrophe Theory, 

Sequence Analysis and Forecasting. Part two of the dissertation will outline further 

possible areas of research, in particular the area of human decision-making. 

 

 

PART I: Chaos So Far 

 

1.1 Chaos and Attitudes 

In the area of attitudes, Chaos Theory has provided a new conceptual framework with 

which to understand the processes underlying dynamics of attitudes. Eiser (1994) 

explains how taking a connectionist and Chaos perspective, a clearer understanding of 
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the dynamics of attitude formation and change can be gained. Of particular use in this 

explanation was the concept of an epigenetic landscape (cf Waddington, 1977). This 

can be conceptualised as a landscape with hills, valleys and wells carved into it. The 

way that this landscape is carved up is mostly through experience, though there is 

acknowledgement that the landscape/person need not be a ‘tabula rasa’. This is 

particularly profitable due to recent refutations of the blank slate hypothesis (Pinker, 

2002). In this landscape, a person’s attitude is represented as a ball, which moves 

about the landscape and as it does, carves new valleys, or ‘chreods’, into the existing 

landscape. Each of these new valleys and dips leaves rough edges, which is essential 

for later movement of the ball, as it allows the ball to ‘grip’ the sides of valleys or 

hills (Killeen, 1989). This ‘roughness’ of the valley is conceptualised in chaos terms 

as being fractal (that is to say, self-similar at great magnifications, and infinite 

interpolation of complexity (Mandelbrot, 1983).  

 

                         
Figure 1. Epigenetic Landscape.  
Point A denotes 'deep set' attitude, as time progresses 
(into distance) this attitude will be hard to change, due 
to the ball having to climb the steep slope in order to 
enter a new chreod.  
 
Point B denotes an attitude in a smaller well, thus not 
as stable. This may be the case for someone who 
partially agrees with an argument but not completely, 
and is open/easier to change their mind. 
                          

 

Whilst this conceptualisation offers a good picture of how attitudes may be formed, 

through repeated movements of the ball around the landscape, it is with the addition 

of Chaos Theory that the concept becomes especially enlightening. The reader is 

asked to imagine each dip in the landscape as an attractor – as the ball more readily 

falls to the bottom of a valley or well than climbs the slopes. In terms of Chaos, the 

ball may be depicted as a point in a phase space (a space denoting all possible 

conditions the object/person is in), and as the ball/point moves, imprints are left of its 

movement that allows easier travel along the same course at a later stage. One of the 

advantages of the ‘attitudes as attractors’ view is that we can infer attitudes involve 

selective information – the way things are interpreted will depend on the perspective 

from which they are viewed; as the basin or zone of attraction will ‘pull’ the ball 
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towards them (either to a point, or chreod ~ fixed point or limit cycle, in 

attractor/chaos terms). This is particularly important, as will be shown, when 

considering Clinical Psychology techniques later. Further, we can better understand 

the underlying reasons for a person’s indecision, ambivalence or sudden ‘change of 

mind’. For instance, in Chaos Theory a ‘Strange Attractor’ involves two attractors 

towards which the system is pulled, giving the ‘butterfly wings’ trajectory paths (cf 

Lorenz, 1963). Therefore, if the ‘attitude as attractor’ view is to be taken seriously, 

then the concept of strange attractors may also be used to better understand attitude 

changes, and indecision phenomenology. In the landscape simply imagine two valleys 

with low banks and chreods connecting them. 

 

 

1.2 Chaos and Clinical Psychology 

Chaos theory has received a great deal of attention in Clinical Psychology literature. 

Chamberlain and Bütz (1997), Bütz (1997) and Masterpasqua and Perna (1997) have 

extensively outlined the theoretical benefits of adopting a Chaos Theory approach to 

understanding such issues as personality, development, stress, anxiety and depression. 

More recently, the concept Waddington’s Epigenetic Landscape (as previously 

described) to which chaos theory can be applied, have been used to extend 

understanding of developmental disorders (Johnson, 2007). Whilst the literature on 

Clinical Psychology understood through a chaos perspective is both highly interesting 

and enlightening, it is an area of practical implication that shall be discussed here. In 

clinical therapy, patients are often taught a number of coping strategies and/or a 

number of methods for dealing through their problems in a systematic manner. Based 

on Chaos Theory, it is arguable that this primary focus of clinical therapy may 

actually not be as beneficial as fist assumed. Firstly, Masterpasqua and Perna have 

detailed quite extensively how setting up coping strategies and defences may lead to 

the negative emotion or event to which the person is trying to become protected 

against, being made stronger. This can be understood best by returning to the ‘attitude 

as attractor’ metaphors. By asking the patient to discuss, explain and think about the 

negative emotions and events, arguably these negative wells and chreods will be made 

deeper – thus become more attractive. Starting with the negative emotions and 

spending so much time discussing these, the wells of attraction for these negative 

states are made bigger. Therefore making later movement out of these deep chreods 
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even harder (Eiser, 1994). Techniques such as asking a patient to write down a 

description of any negative event that occurs may thus do more harm than good. 

However, there is a possibility that the current practices may be improved. If clinical 

psychologists become aware of the danger of increasing negative chreods, and instead 

focus their attention on either setting up sessions based solely on focusing on positive 

emotions and events, however unintuitive this may sound, it may in fact allow for a 

faster recovery, or better coping response. If a person is in a positive state of mind, 

then suffers a negative event such as missing the bus, then their appraisal of such an 

event is likely to be less self-critical or damning, in comparison to a person suffering 

from depression. Another possibility for clinical psychologists is to focus on making 

chreods from negative attractors to positive attractors more salient, and this may be 

done through means of association, though care would need to be taken to try to make 

these chreods unidirectional. 

 

 

1.3 Chaos and Motivation 

The area of motivation, ‘flow’ and arousal (Guastello et al., 1999; Mack et al, 2000) 

has also undergone some enlightenment from nonlinear acknowledgement. Early 

researchers predicted a linear relationship between arousal and performance (cf Hull, 

1943 – Drive Theory). Later researchers suggested a curvilinear theory, such as 

Yerkes and Dodson’s (1908) ‘Inverted-U hypothesis’. More recently researchers have 

begun to accept a non-linear dynamic to motivational flow, and the necessity to look 

at multiple variables when considering performance. Catastrophe models have been 

argued to depict in a much more precise manner the performance changes that occur 

under certain conditions (Guastello, 1981; 2002; 2004; Thom, 1975). Aside from their 

nonlinearity, catastrophe models share a property that is deeply entailed in chaos 

theory – that of Sensitive Dependence on initial conditions (SDIC). Thus, either a 

person or two people with only minutely different starting conditions can end up with 

vastly different outcomes in their performance – indeed catastrophically different 

outcomes. 
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Figure 2. Cusp Catastrophe Model.  With increasing anxiety and arousal, performance can 
discontinuously/catastrophically drop from a high level to a much lower level. Even though 
starting from almost exactly the same point. 
 

 

1.4 Chaos and Sequence Analysis 

A further area in which Chaos Theory and analysis has had a large impact is that of 

sequence analysis. Though an extremely powerful methodological tool in its own 

right, sequence analysis combined with a chaos perspective can offer even more 

insights into changes in behaviours and causes of these changes. Though Chaos 

Theory and fractal patterns have been applied to a number of different sequential 

analyses, such as traffic flow (Shang et al, 2005), Electroencephalography (EEG) time 

series (Kantz and Schreiber, 1997) and Heart Rate (Peng et al., 1995; Havlin et al., 

1995); the focus of this essay will be on the application to stress. Alados et al. (1996) 

and Maria et al. (2004) studied the effects of stress on various animals to examine 

whether it left to a reduction in complex behaviour –measured through fractal 

dimension. Stress increases metabolic rate, and thus energy consumption, whilst 

complex behaviour requires energy to maintain its complexity. It was therefore 

hypothesised, and proven, that under stressful conditions fractal dimension (as a 

measure of complexity) was reduced. A benefit of using behaviour observations to 

calculate the dimensions and complexity is that it is easy and non-invasive. Also, a 

problem of using developmental instability as an indicator of stress (cf Weinstein et 

al., 1992 – bone tissue decline) is that stress can be very transient in the animal’s 

environment. Thus observations of changes in fractal patterns, which are usually not 

seen by the human eyes, reveal the effects of stress on an individual and their complex 
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behaviour.  A further, more questionable area of research using sequential analysis 

would be to monitor if there is fractal symmetry in human behaviour patterns over 

time. Again, returning to the Chaos Theory literature there are phenomena such as 

Poincare Recurrence, the ability of certain systems to change into a state very similar 

to the beginning state after a number of iterations, and fractals suggest that behaviour 

sequences may exhibit repeated trends. Speculatively, the recurrence of certain 

fashion and trends could be viewed as a form of Poincare Recurrence, and if this is so, 

then other recurrent trends may be observable if researched.  The implications of 

mapping such a recurrence for forecasting, sequence analysis and understanding 

patterns of action are immense.  

 

 

1.5 Chaos and Forecasting  

“In 1992 operation weather forecasters on both sides of the Atlantic 
took a great step forward: they stopped trying to say exactly what 
the weather would be next weekend”  
  Smith (2007) 

 

Chaos theory has many important implications for psychological research and the 

ramifications for accurate forecasting cannot be dismissed. Due to the very nature of 

chaotic systems- nonlinearity, SDIC, aperiodicity- accurate predictions of future states 

for any event beyond the immediate future are rendered near impossible. Only 

Laplace’s Demon (Laplace, 1814) with the abilities of exact knowledge of the Laws 

of Nature, knowledge of the exact state of nature at a point in time and the ability to 

compute all of the variables, would be able to give accurate predictions of all future 

events, and this only in the ‘Perfect Model Scenario’. Given current imperfections in 

system measurement, meaning that accuracy of exact initial conditions in natural 

environments is beyond our current means, we are unable to currently even give our 

scientists an accurate reading of the conditions at this moment. We can therefore 

hardly blame our scientists for not being able to forecast the future accurately, if we 

cannot accurately measure the present (Smith, 2007).  

 

Such things, however, are not quite as detrimental to forecasters as some may first 

contend. Developments in techniques of nonlinear forecasting have brought great 

progress in distinguishing chaos from randomness in observed time series data (Soofi 
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and Cao, 1999). Forecasters have therefore learnt to at least cope with the effects of 

chaos. Moving away from the ideal of perfect predictions, as the opening quote 

shows, forecasters have developed methods to give probability forecasts so that even 

though we may not know tomorrow exactly, there will be nothing too surprising 

occurring in it. In more scientific/chaotic terms: Our models should at least be able to 

shadow. That is to say, there will be some initial state we can iterate forward so that 

resulting time series remain close to the time series of observations. If there is no such 

initial state that shadows (remains close to the observed state over a number of 

iterations), then the model we are implementing is fundamentally insufficient. As 

Smith (2007) states, however, due to the very nature of chaos with its inherent 

uncertainty, whenever there is one shadowing trajectory, there will be many. This 

means a further problem is that we cannot distinguish between the current shadowing 

states, if there is a true state within our model, we are unable to accurately identify it 

from the rest.  

 

This limitation, of never knowing the exact state and so being left with only 

probability forecasts, has been alleviated to some degree by the emergence of the 

Ensemble Prediction System (EPS) (Palmer, 2000). This forecasting method is based 

on Takens’ Theorem, which states that the limitation of Analogue Models of picking 

the ‘best’ or ‘closest’ analogue from an existing data library to the current state could 

be overcome by simply taking a collection of similar analogues to the existing state. A 

picture representation may give a clearer view: 

 
Figure 3. Schematic representation of the Ensemble Forecast 
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In making forecasts based on such premises as the ensemble forecast, weather 

forecasters have been able to significantly increase their accuracy of predictions. 

However, it should be noted that all forecasts are made in terms of probability, not 

absolute certainty. Whereas it is impossible to say for certain what events may 

transpire in a week, ensemble forecasting can at least give us early indications and an 

informed idea of what may occur. 

 

Judgemental forecasting techniques, for which there is a large need (Makridakis, 

1988) should arguably be reviewed under the light of EPS. In addition combining 

forecasts has consistently been shown to result in more accurate forecasts (Armstrong, 

1989; Clemen, 1989). The combination of the concepts of EPS and a judgemental 

technique such as Structured Analogies (cf Green and Armstrong, 2007) and 

Expert/Delphi forecasting method, developed by the Rand Corporation, may therefore 

result in more accurate forecasts. Though EPS is a method of technological 

forecasting, not judgemental, the concepts of EPS would most likely aid current 

forecasting techniques. At present, structured analogies methodology is to ask a 

group, usually consisting of experts in the field, being asked to write a list of 

analogies of the situation being forecast. From this list the best is picked and then 

used as the forecast. However, when compared to EPS and Takens Theorem, this is a 

step backwards, akin to using a single analogue. Perhaps a far more profitable 

endeavour would be to use a number of the analogues prepared, and repeatedly review 

how accuracy, perhaps according to a matrix such as Clarke’s (2004). 

 

 

PART II – Possibilities for Future Chaos 

 

2.1 Chaos, Humans and Decision Making 

It has been shown that people display a natural ability to predict chaotic patterns, at 

least in the short term (Smithson, 1997; Ward & West, 1998; Heath, 2002). Also, 

biologically, there are various organs and behaviours that have been shown to display 

a chaotic or fractal nature (see section 1.4). Aside from this previous foundation 

detailing humans’ biological and cognitive relation to chaos, Guastello and Guastello 

(1998) have also documented the links between chaos theory and humans’ decision 
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making. Economic research has already started testing this assumption and revealing 

some results that there is chaos phenomena in decision making (Guastello, 2000; 

Toma and Gheorghe, 1992). This is an avenue that may reveal a great deal of 

important insights. Human nature in interpersonal interactions has historically mostly 

been viewed as a single-motive mechanism, be it altruistic (Rousseau, 1763/1962) or 

selfish (Hobbes, 1951/1957). However, with the rise in Game Theoretic (Axelrod, 

1984), economical (Sterman, 1989), evolutionary (Dawkins, 1976) and psychological 

(Colman, 1995) understanding of human nature in decision making and conflict 

situations, it is more likely that humans are capable of a number of ‘natures’, in terms 

of prosociality or selfishness, dependent on the context they are in (Joyce et al., 1982). 

When the concepts of chaos and complexity theory are introduced, the picture 

becomes more intricate still. If humans are inherently linked to chaos, as Ferriere and 

Fox (1995) suggest evolution and chaos theory share many conceptual overlaps, then 

humans might arguably also display SDIC in their decision-making. This means that 

two humans (or even the same human), in situations nearly identical, may end up 

behaving in very different manners. The implications of this on empirical research to 

date are profound. Essentially it means that research using models such as the 

Prisoners’ Dilemma Game, may not be generalised to any other situation, arguably 

not even situations only moderately similar. 

 

This is not the end for research into Game Theory and decision-making. In fact, the 

consequence is only that research and experimentation will take longer to conduct, 

due to the need to test participants in a number of situations you are concerned with, 

with slight variations between them. The conceptual and theoretical insertion of chaos 

theory into human decision-making has two possible levels of testing opportunity: 

1. At a neurological level- research into neuronal activity has already revealed 

chaotic patterns in the firing (Freeman, 1999). The measurement of neuronal 

firing when participants are engaged in Game Theory models or other 

decision-making paradigms may lead to insights into a) how we make 

decisions, b) why we make decisions. The former is simply a matter of 

mapping neural activity during the decision making process, which has 

already begun (Freeman, 1999). The latter is the more important of the two as 

it may offer a reason for possible irrationality, or ‘trembling hand 

phenomenon’ (Selten, 1975), which states a persons choice of plays may 
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irrationally and unintentionally change, due to a ‘slip of the hand’. Thus, if our 

neural activity is chaotic, then we may expect aperiodicity in our behaviour, 

and SDIC. Thus, changes in behaviour may be attributed to chaotic changes in 

neural activity for minutely small reasons research has so far not picked up on, 

or wrongly disregarded as ‘noise’. 

2. At a behavioural level, continuing on from the previous point, research may be 

redesigned to test for what effect minor changes on the decision paradigm has 

on outcome decisions. Some research has already been conducted with this in 

mind, and revealed some consistent results with existing Game Theoretic 

studies, however, also showed some results that did not fit as well (Keatley 

and Clarke, unpublished). In particular, the fact that people answered 

differently for situations that were only slightly different. Thus, only a slight 

change in the initial starting point of the paradigm resulted in different 

outcomes. 

 

2.2 Chaos and War 

Following on from the implications of chaos and human decision-making is the 

macro-picture of gaining a better insight into the lead-up to and escalation of global 

conflicts. Research has already begun to show chaos in the time series of events 

leading up to the beginning of a war (Saperstein, 1984; 2006). Thus, with further 

understanding of the relationship between micromotives and macrobehaviour 

(Schelling, 1960), critical points- points at which the escalation spirals out of control 

and the war becomes inevitable, may be better mapped out. Further, ‘soft spots’, 

points at which only a minor input is required to massively alter the direction or 

progression of events (Waddington, 1977; Toma and Gheorghe, 1992) may also be 

discovered. Thus, whilst a utopia of peace may not be achievable, knowledge of what 

points in a war escalation are critical or soft may allow for wars to be averted: an 

immeasurable benefit. 

 

 

Conclusions 

In closing, it is apparent that the conceptual and theoretical application of Chaos 

Theory to psychological research has proven profitable. The need for researchers to 

be aware of the effects of variables that may have previously been considered 
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minimal or unimportant ‘noise’ has been clearly shown. The future of Chaos Theory 

in Psychology looks promising, and the areas raised in Part II are likely to be proven 

to be the next important step in gaining a deeper insight into human decision making. 

In turn this will likely have many important implications, especially due to the 

increase in interpersonal conflicts ubiquitous in modern society. 
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