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their experiences. More generally, study of such sequences has been made in many fields around social
science; for example, sociology, linguistics, psychology, and the conceptualisation of subjects
progressing through a sequence of states is common. However, many models and sets of data allow only
for the treatment of aggregates or transitions, rather than interpreting whole sequences. The temporal
aspect of the analysis is fundamental to any inference about the evolution of the subjects but
assumptions about time are not normally made explicit. Moreover, without a clear idea of what sequences
look like, it is impossible to determine when something is not seen whether it was not actually there.
Some principles are proposed which link the ideas of sequences, hypothesis, analytical framework,
categorisation and representation; each one being underpinned by the consideration of time. To make
inferences about sequences, one needs to: understand what these sequences represent; the hypothesis
and assumptions that can be derived about sequences; identify the categories within the sequences; and
data representation at each stage. These ideas are obvious in themselves but they are interlinked,
imposing restrictions on each other and on the inferences which can be drawn.



Fundamental Principles in Drawing Inference from
Sequence Analysis

ToM KING

Division of Social Statistics and Southampton Statistical Sciences Research Institute
University of Southampton

tom.king@soton.ac.uk

ABSTRACT

Individual life courses are dynamic and can be represented as a sequence of states for
some portion of their experiences. More generally, study of such sequences has been
made in many fields around social science; for example, sociology, linguistics,
psychology, and the conceptualisation of subjects progressing through a sequence of
states is common. However, many models and sets of data allow only for the
treatment of aggregates or transitions, rather than interpreting whole sequences. The
temporal aspect of the analysis is fundamental to any inference about the evolution of
the subjects but assumptions about time are not normally made explicit. Moreover,
without a clear idea of what sequences look like, it is impossible to determine when
something is not seen whether it was not actually there. Some principles are proposed
which link the ideas of sequences, hypothesis, analytical framework, categorisation
and representation; each one being underpinned by the consideration of time. To
make inferences about sequences, one needs to: understand what these sequences
represent; the hypothesis and assumptions that can be derived about sequences;
identify the categories within the sequences; and data representation at each stage.
These ideas are obvious in themselves but they are interlinked, imposing restrictions
on each other and on the inferences which can be drawn.

KEY WORDS: sequence analysis, dissimilarity algorithms, stochastic models, event
histories, inference, visualisation, clustering



1. Structure

The relation between data and theory is the basis of science; the process of validating
theory by examining patterns in data, we call inference (Hume 2000). Data occur in
many forms which require different considerations to be understood: sequence
analysis is the study of the evolution over time of some characteristic of some
subjects. The focus of analysis to make inferences from these recorded evolutions
about the process which generated them by quantifying patterns in and amongst the
sequences themselves. For example, these are often people and the evolutions are
their life courses, process generating these being their own consciousness and the

nature of their external environment (Levy et al. 2005).

The complexity of processes that may be governing the evolution of one individual is
enormous so that there is a valid argument for treating individuals separately.
However, a simplification through which inferences are made about these processes
would be deeply valuable: there are many applications which track a qualitative
evolution over time and many disciplines where such methods can be applied. Hence
we proceed here to develop a framework through which inferences might be made,
given due allowance for the nature of the theory being studied, without making undue

assumptions about the aims or concerns of particular research.

Our intention is not to produce a method which is prescriptive, which is not
particularly feasible at this stage (see §2), and may well be undesirably limiting given
the interdisciplinary nature of the current applications (Feyerabend 1988). Instead we
evince some principles to guide an analysis of sequence data and, in order to achieve
this, describe the key elements of such an analysis. The principles themselves are
manifest as the dependencies between the elements (see §8) and indeed they exhibit
the recursive structure intrinsic to many research methods, such as case studies.
Although we do review the research so far published on such matters, and the success
these studies have had in making inferences about the theory they sought to study, the
focus is on the epistemic rather than the substantive. So we derive some ideas which
should be considered iteratively to guide thinking rather than obstruct it, whilst

leaving the essential component of time central to all of the interrelations.



Although there is some logical structure to the text which considers each of the
elements in turn, the nature of the dependencies between these sections makes it
highly non-linear in actuality. Moreover as the whole interrelation is complex and in
some cases subtle, the cross-references given between the sections are very general
but also try to describe the reference being made instead referring the reader to a
specific paragraph as the extent of this would be frustrating on first reading. Although
this will result in some repetition, this will be more conducive to understanding,
particularly due to the iterative nature of the implementation, and the interdisciplinary

nature of the context which gives several different perspectives to the same problems.

We reveal a situation similar to that observed by John Goldthorpe, albeit on another

topic, that of the clash between qualitative and quantitative study in social science:

“while the issues caught up in the protracted and complex exchanges that have
occurred include ones of major importance, the form that the debate has taken has not
been especially helpful in highlighting just what those issues are, nor yet in pointing
to ways in which they may be effectively addressed.”

(Goldthorpe 2007, 7)

The clash in our case is between the analytical frameworks described in §5, and while
we do not intend to denigrate the approach of analysis for its own sake, indeed
Chomsky (1957) eloquently describes the utility of analysis, there are clearly some
situations which are more appropriate to one rather than the other. So, we hope in the
concluding section to draw together the important barriers to inference and so the

necessary steps for further progress in sequence analyses.

The main thrust of this paper is pragmatic, despite its rather philosophical interludes.
Hence the sections not yet referred to deal with practical issues of the nature of
sequences (§3), the hypotheses they seek to evaluate (§4), the categorisation of the
states they sequence (§6) and the modes used to represent the sequences and the
results of their analysis (§7). They follow a general approach of defining the element,
relating it to the other elements and exemplifying the importance of this in published
work. These sections derive the various principles forming §8, and also indicate

various strengths and weaknesses which form the conclusion of this paper.



2. Genesis

Science has always studied empirical data, whether for understanding or prediction,
and these data relate to observations of an equivalent closed system. In comparing
what was measured in separate observations of the system, one seeks a relationship
which explains our observations, perhaps through the different circumstances
involved. We try to unpick resemblances from causal and contiguous relationships

(Hume 2000:16), whether these are internal or external similarities we study.

One of the principal factors differentiating one observation of a system from another
is the time at which is made. Indeed time is seen to be important not simply in the
study of autonomous systems by the time spent in the observation, but also for its
psychological importance to humans (Poincaré 1913): its subjective interpretation.
Thus science has great interest in studying the evolution of the same system over

time, as do the scientists involved in the study.

Measurement is of considerable importance to scientific endeavour (Feyerabend 1988,
2nd) and indeed science and measurement have advanced hand in hand (Kuhn 1996).
Thus large quantities of observations and their associated measurement systems have
accrued complex datasets of the relations between them. Thence the scientist has
sought to simplify the system under study to one where the dataset is simple enough
to be comprehended in its entirety, i.e. one seeks to refine the design of one’s
experiment to study specific patterns and subsets. Where this is not possible, as it so
often is not in the case of social science, one seeks to model the dataset by drawing
out the variation relevant to the theory being advanced whilst making assumptions
about the residual relationships in the data. So models are often used to circumvent
difficulties presented by measurement and the design by which observations are

made, for example this may be the only way of studying macroeconomics.

Models for longitudinal data are versatile to the practical problems of testing
hypotheses, even for fairly complex systems, and where these data, possibly discrete,
are linearly ordered, there are satisfactory approaches for assessment of the validity of
assumptions made by the models. However, where longitudinal data are categorical

and representing them on an ordinal scale is not satisfactory, not an unusual situation



in the social sciences, there is a considerable conflict between modellers and theorists.
This conflict is complex, and often personal, so it is best understood from an historical
perspective of its development. Indeed, for analysis of longitudinal categorical data in
social science, there is no consensus despite much work, as is discussed in later

sections. The evolution of the methods will be traced in the remainder of this section.

In the fifty years that the analysis of sequences has been an active interest, the
methods available for their analysis have developed and diversified. Indeed, one of
Chomsky’s (1957) qualifications of his pioneering work was that he should find the
shortcomings of the models available with regard to the prediction of semantic
structure. He did not assert that his analysis would give a complete understanding of
the data but that it would elucidate the structure of the data which did not fit the
model. Thus many researchers have led the way with methodological developments
necessitated by the limited tools available. Indeed the current consensus is that there
are weaknesses to the methods in use, giving strong motivation for a comprehensive

review of their efficacy.

Many examples of sequences come from the observation of systems over time, being
composed of events, transitions or whatever is appropriate (see §3 for discussion of
sequences and a description of different conceptualisations). Although there are
studies of other kinds of sequences, particularly arising in biological science, and
most notably DNA, the first analytical considerations of sequences focussed on the
conscious expressions of living organisms. Indeed, the analysis of sequences has been
driven by the conceptual interest of such data, and many applications have involved
empirical work, each in its separate field. Specifically, initial studies focussed on
patterns in linguistics (Chomsky 1957), and animal behaviour (Altman 1965). Since
that time, the methods have been adopted more generally in sociological applications
(e.g. Billari and Piccarreta 2005;Blair-Loy 1999) but also in disparate fields such as
geography (Wilson 1998), psychology (Bakeman and Quera 1995), and computer
science (Iske 2009).

The continuing motivation for analysis of sequences has been the availability of data,
with the obvious idea that analysis can aid the understanding of its generation.

Inferences should be possible from this data which elucidate different things to other



analyses: the experiences of the individuals concerned. However, just as in all
statistical modelling, there has been a clash between the assumptions of the methods
used and the theorised structure of the data. Thus there are not so much competing
methods as contrasting analytical frameworks which have developed originally in
different fields and from diverse epistemic standpoints (see §5). This empirical nature
of the work has meant that sequence analysis has developed separately in several
disciplines and is only recently seeing an interdisciplinary perspective (Levy,
Ghisletta, Le Goff, Spini, and Widmer 2005). This motivation from the data has also
kept the methods away from statistical literature and meant that take up in disciplines
far removed from social science has been delayed and unresponsive to new
developments. There has also been a lot of attention given to some issues which are of
little importance, for example algorithms do not to treat sequences symmetrically
(have the distance between two the same in both directions) or even be metrics (multi-
dimensional scaling of non-metric dissimilarities is perfectly possible (Cox and Cox

2001)), indeed some social processes would be at odds with these assumptions.

There was a promising beginning with an interdisciplinary compilation (Sankoff and
Kruskal 1983) and the motivation of using dynamic programming to make study of
life histories less subjective (Kruskal 1983). The slow development that has taken
place has been associated with individuals in some disciplines championing their
method which is natural when others do not take this up. However, this has the
unfortunate consequence of the method being associated with the individual rather
than the problem. Specifically in social science, discussion has focussed on Abbott’s
methods (Hollister 2009;Levine 2000) rather than how they might be improved; also
documented in part of his own book (Abbott 2001) is the problem of an individual
struggle with the difficulties he had, such as in approaching leaders in the field
(telephoning Joseph Kruskal is likened to “calling God”). Some new work (Elzinga
and Lietbroer 2007;Halpin 2010;Piccarreta and Lior 2010;Pollock 2007;Wilson 2006)
suggests this is changing as people customise to their own problem and try to address

specific issues.

Recently the methodology has become more accessible, particularly from a
computational standpoint. All of the methods used come up against the problem of the

amount of data and complexity of the analysis which led to the need to program



specially. DNA benefited from its invariant nature and the simple variation involved
and so has a lot of software developed solely for its examination. Several models and
algorithms have been available for some time but their implementation in mainstream
statistical packages is a big step, which few have yet made. The recent explosion of
publications using optimal matching to analyse sequences almost certainly owes more
to its availability in STATA (Brzinsky-Fay, Kohler, and Luniak 2006) than any
particular endorsement as a viable methodology. Indeed, aspects of best practice
evident in the published literature are not implemented and still present barriers to
research. Indeed stochastic models continue to advance from a theoretical perspective
but have weaker links with the fields of application rather than specific projects (see

Green, Lid Hjort, and Richardson 2003).

The whole concept of disciplinarity has been a substantial barrier to the effective use
of sequence analysis not least because disciplines have had their own epistemic
traditions. The semi-parametric nature of many methods has meant they do not find
acknowledgement in the more positivist traditions of quantitative social science (c.f.
Feyerabend 1988, 2nd;Goldthorpe 2007, 2nd), and so there has been little outlet for
their publication. However, when they are published and read by outsiders, their
epistemological foundation can be taken for granted; indeed it has taken
interdisciplinary work to establish the depth of this problem and the need for a
comprehensive consideration (Levy, Ghisletta, Le Goff, Spini, and Widmer 2005).
What is needed is a clear and explicit framework linking together all of the ideas,
issues, assumptions and problems associated with the analysis of sequences so that
well informed decisions can be made an researchers can use the best tools available to

answer their questions.

A fundamental problem in the analysis of sequences is that simply thinking about the
processes as generating sequences is unnatural to those used to focussing on
transitions or durations. This runs deeper than differences in existing traditions: it is
close to what Feyerabend called the establishment of method. The holistic view
championed by Abbott needs a holistic epistemology but it is clear enough that ‘we
are not thinking sequentially’ at this point. Thus it is fundamental to consider in any

research problem in this area exactly what is meant by a sequence, what it means



substantively in the theory, what may differentiate such sequences, how they are

composed, and finally how they may be usefully represented.

3. Sequences

The evolution over time of a system is the intention of sequence analysis. To make a
quantitative analysis of such evolution, even if not a fully parametric one, requires a
definition of what data look like and how differences between data points can be
characterised. Thus we must establish how such systems can vary, both over time and

between individuals: it is the patterns in these variations which describe the evolution.

Sequences are made up of states and associated timings. Each individual is classified
as having particular states at particular times and their sequence can be derived from
this information. How best to describe what these states are is less straightforward
than is desirable in complete generality. Instead we refer to different conceptions of
state, e.g. stage, transition, event (Levy 2005) and the psychological timing of these
states (Lesnard 2006). What is actually used in an individual analysis is dependent on
the theory under study, as will the particular categorisation of the state variable. A
sequence will normally use only one state variable and so each sequence can be
represented as an ordered list of states, each with a corresponding timing. So a
sequence is a function associated with an individual, mapping some portion of time to

some state space.

We refer to individuals or subjects, and each one has a sequence associated with it. In
most published work on sequence analysis, an individual refers to a single person, or
possibly a pair of people or family unit. However, there are other examples where
each individual is a different social construct such as a business, or a string of syntax,
either musical or prose. As these also represent evolution of a system over time, they
are included in the concept of a sequence; the consideration of DNA is quite different.
Although DNA is commonly related as an example of sequences, it is a sequence
unordered in time: evolution of the state of a subject over time represents something
very different to progress along a strand. A sequence may be many things, but the

experience of time is fundamental to this work and also to the process of inference.



The definition above is deeply abstract in an effort to preserve its generality.
However, it is more helpful to explore some features that many sequences will have.
They can be composed of episodes in one state followed by another, and each episode
may be composed of several observations of the same state. We describe the lowest
level of observation as the elements of the sequence. When the timing of the
observations is sporadic, it may be more natural to consider episodes rather than
elements. Also, for the purposes of the investigation of the theory, it may be more
natural to consider one or the other, and to put more or less importance on the timing
of the events, their temporal ordering, or simple existence. Birth histories may
progress obviously through the first, second and third, the interest being the timings,
whereas for social events like marriage, parenthood, house ownership, employment,

the ordering may be of much more interest than timing.

Sequences represent the evolution of individual subjects over time and can therefore
be a simple representation of particular features of each subject. However, any
intention to make an inference or consider a theory will require comparison between
the sequences followed by different subjects. Even descriptive analysis will benefit
from some representation of whole sequences in relation to each other; more
advanced work may want filtering, ordering or comparison in several dimensions
(Piccarreta and Lior 2010, 173). The most natural form of these will be dependent on
the nature of the sequences including how they are related to time (see §7 for more

details).

The data social sequences come from often simply imply further problems: surveys
have weights, clustering and attrition to deal with. There is not knowledge of how
informative these problems may be, although sequence analysis may add to the
understanding of some of them. These data are often complex, perhaps
multidimensional in nature, and often include other time-constant, subject-level
demographic variables (e.g. sex or country of birth). This does not make for
promising sources indeed successful analyses have generally used cohort data.
However, the data exist as do the theories so to dismiss their use out of hand is a little
cavalier, if not irresponsible: certainly past analyses provide some ideas for

improvements.



Examples of sequence representation include a continuous curve tracing a path over
time, or a sequence of codes, like a sequence of notes from a musical score. Visual
comparison is immediately complicated by the possibilities available to the curvature
of the trajectory, the demarcation of the space, and the separation of the curves; or the
alignment of sequences in the discrete case. Indeed it is these considerations which
have driven comparisons in the holistic analytical framework but even these
speculations immediately make it clear that long sequences or some adjustments will

be necessary to cope with measurement error (see §5 for further discussion).

While a sequence tries to represent the whole experience of a single subject, it also
attempts to make it more accessible. It reduces to some state space of what can be
experienced to develop a proxy in categories for the subject itself (indeed the
categorisation is a subtle process, see §6). While this must sacrifice some information,
it allows for the drawing of comparisons between subjects, which then allows for
treatment of theory with the same approach: we are looking for similarities between
subjects and sequences (Kruskal 1983; see §4). It is also very difficult to ensure that it
is equivalent for all the subjects under study throughout their sequences. Thus
categorisation may be specific to one study, variable over time, or multidimensional
in nature. The key is that it is able to embody the variation in evolution of subjects

over their whole sequences in relation to the theory under study.

Research in social science often studies particular events or transitions between stages
in the lives of people. These are often marked by certain rites of passage for the
transition, which are often worthy of study in their own right, but these can distract
from the actual transition made between stages. Specifically, the timing of recognition
may be logical in that it comes when the transition is in some sense irreversible (e.g.
marriage requires divorce but an engagement may be broken off) but this may not be
how it is encapsulated in the theory. Indeed a substantial barrier to using sequences in
analysis has been making links between theory and data; simply thinking sequentially
is a new approach. This is complicated by data collection reflecting the hard
transitions not the more abstract lifestyle changes involved in life course theory
(Levy, Ghisletta, Le Goff, Spini, and Widmer 2005). Thus the timing system used for

the changes of state experienced by subjects, forming their sequences should be
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derived from the theory and hypothesis, not reliant solely on data conventions used

elsewhere.

The novel nature of sequence analysis, and the complexity of social data and theory,
implies that useful precedents for a given analysis are lacking. Thus relating the
process and variation expected from the theory to appropriate sequence data for
subjects is a conceptual challenge, especially when using a holistic analytical
framework. It is safe therefore to rely on a coarse categorisation over long sequences
and represent them without processing (c.f. Clark, Deurloo, and Dieleman 2003).
Actually conceptualising the data as sequences rather than component elements,
stages and transitions is essential for meaningful analysis but very rare in practice.
Making inferences about a holistic theory will require sequences which embody the

holistic nature of the data, and therefore a hypothesis about how they should do this.

4. Hypotheses

The problem of the scientific method has concerned many; indeed criticism of the
perceived dominance of certain approaches has become a substantial endeavour. This
has given existing methods an entrenched position despite the recognition of the
possibility of a paradigm rather than simple scientific facts. However, to some this has
led to the dogmatic pursuit of method over science and a development of disciplines
at the expense of research capability (Feyerabend 1988, 2nd). This particularly
problematic in cases where theories are considered incommensurable (Kuhn 1996,

3rd).

Within all of this disagreement about science, there is an acceptance of the importance
of hypotheses when making objective inferences. Certainly, deriving theory from post
hoc analysis, exploratory work or descriptive analysis is not considered good practice.
This is not to say that in any study the framework for drawing conclusions should be
completely specified before data collection begins; although this is considered
appropriate practice when conducting randomised controlled trials (RCTs), it
precludes the secondary analysis for which most large scale social surveys are
designed. It would also put unnecessary constraints on longitudinal analyses,
particularly allowing time into a study makes such rigid control infeasible.

Feyerabend (1988, 2nd) has denigrated the emphasis on method as opposed to

11



pragmatism and Goldthorpe (2007, 2nd) appeals for more critical assessment of

quality: all are agreed that science cannot be undertaken lightly.

There are established methods for the quantitative analysis of sequence data (see §3
for description of the nature of sequence data), such as complex (auto-) regressions,
event histories and Markovian processes. These are able to test hypotheses with some
statistical validity but such hypotheses are limited to transitions or short sequences as
the amount of data required to identify a model increases exponentially with the
length of the sequences involved (see §5). Therefore sequence hypotheses have not
been investigated, and insofar as data and availability of methods drive research (see
§2 for further discussion with relation to sequences), they have not been considered in
a scientific fashion. Although sequence analysis purports to study holistically, the
hypotheses expressed are almost without exception those normal to simple stochastic
methods. Thus sequence analysis has been simply exploratory, and rarely makes
comparisons between frameworks for analysis of the same data (see §5 for further
discussion of the various methods and frameworks for analysis and the comparison of

their results).

Substantial criticism has been levelled at the whole analytical frameworks presented
as sequence analysis (Bakeman, Robinson, and Quera 1996;Levine 2000, 29;Wu
2000). This has led to some reflection on the algorithms used but little consideration
of data or inference, similar to the concern expressed by Goldthorpe about the conflict
between qualitative and quantitative research methods (see §2). To criticise a
descriptive approach because it is not inferential is fatuous but it is also strange to
contrast its success with that of an established approach with a strong methodological
literature. Specific concerns have been: that there are better methods, that work has
been unsuccessful, and that inferences are intrinsically lacking in validity. Sequence
analysis seeks to address theories which are excluded by assumption in standard
stochastic approaches: it does not challenge the results of other methods but seeks to
understand theories which are incommensurable with them. Hence any negative
results about hypotheses would be confounded with the possibility of the failure of the
approach being taken thus very clear expectations of the data and possible inferences
are necessary to refine the method. There has been poor application, as in all research,

especially when the methods are novel, some improvements are needed in the
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methodology (see §5), and more appropriate hypotheses should be chosen to make

inferences about sequences.

Sequences are new data types and are often analysed without substantial preparation
but this is partly because sequence hypotheses are difficult to formulate (see §2).
Furthermore, once specified they are difficult to make inferences about as there is
little understanding of the power involved in any analysis and therefore the
requirements of the data, exploring sequence data systematically and ordering
subjects purposively has only just been developed as a tool in sequence analysis (see
Piccarreta and Lior 2010, 173). However, this is not a reason to avoid these
challenges as there is considerable interest from several areas in making life course
analyses and validating typologies of people in populations (Levy, Ghisletta, Le Goff,
Spini, and Widmer 2005). There are numerous theories which purport to consider a
latent characteristic of behaviour which may make certain simple events more likely
but are considered to be distinctive across the whole individual experience. This is
why a holistic approach is used to examine the whole sequence of experience of

individual subjects.

Social theory often considers typologies as a means of understanding variation
between individuals in their behaviours. For example, marketing literature has quite
sophisticated profiles of consumer types, and learning styles are an accepted topic in
education. The more theoretical conception of these typologies in generality is the
ideal type (Prandy 2002). This is the theoretically grounded concept derived from the
stereotype and may often be contentious but is certainly valuable in stimulating
debate. Ideal types therefore provide a basis for hypotheses on sequences albeit
challenging to operationalise, which has found application (Wiggins et al. 2007). This
conceptualisation also exemplifies the concern for simple ideas in order to
communicate results with an audience, something the method in general is lacking
(see §7), particularly as the arbitrary nature of clusters and typologies is questionable

(see §5 for further discussion on this point).

Sequence analysis has some utility in data mining (Hay, Wets, and Vanhoof 2004),
whereas many wish it to use its results to challenge established theories (Abbott

1995). Although there is not a substantial barrier to new ideas in science, particularly
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social science, Kuhn (1996, 3rd) argues rather convincingly that a new theory which
in some way challenges an existing one needs far stronger support, especially to win
over those working within the relevant discipline. Thus, although the analysis of
sequences is considered a valid approach for investigating patterns in data,
particularly new data or those resistant to other methods (for example web logs have
no competing mode of analysis for individual user behaviour (Pallis, Angelis, and
Vakali 2007)), it is not accepted, particularly from an inferential point of view, where
other methods have succeeded (Wu 2000, 29). Yet sequence analysis uses tools whose
application complements other analyses, enhances the understanding of the data, and

allows for other interpretations (Abbott 2000).

A specific theory that shows obvious potential for analysis with sequences rather than
simple stochastic models is the dual concept of social structure and individual agential
behaviour (Marshall 2005). Most study focuses on particular transitions and the
related social policy or social convention, naturally driven by the individuals
concerned about their transitions or others sharing their concern or responsible for
them at some level or other. However, most academic theory comes from a rather
wider perspective of the trajectory followed by an individual, such as their social
mobility, the structures which exist to guide them in certain directions, their own
agency to beat their own path, and the final impact this all has on the complete
trajectory. An instructive example of this is an Optimal Matching of career
trajectories of women in finance (Blair-Loy 1999, 104) which shows up an agential
cluster more likely to reach the top of the profession but very unlikely to follow any
normal ideas of career structure, neither working up through one firm nor switching

firms to advance themselves.

The concept of agency does not readily lend itself to hypotheses, especially not those
of a kind which might easily be tested statistically. Part of this problem is in moving
from a theory to a hypothesis in a particular case and therefore encapsulating the
hypothesised difference in collectible data. Indeed a principal barrier here is the
complex issue of time, one which is frequently mentioned as being fundamentally
important in sequence analysis (e.g. Abbott 2001;Wu 2000, 29) but often mismatched
between data and hypothesis. For example, data are recorded at the point when

transitions become irreversible like marriage or graduation, but social theory may be
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much more interested in partnership or education over the life course, but it is the end
of the transition which is marked by the change of status (see §3). A bigger problem is
the difficulty of specifying, and then identifying in the data, variation defined by
being different to the rest, but representations will be useful for this purpose when

combined with clustering techniques (see §7).

Theory often considers the mechanisms at work and the relative significance of
different delays between transitions. It may well also interpret the interrelation of
multiple sequences (see Pollock 2007, 170) as rather less coincidental than the
juxtaposition of rites of passage. Therefore it may be necessary to consider the timing
of events rather more psychologically (see Poincaré 1913 for details) in order to
assess a hypothesis or warp the timings between events if this seems appropriate (e. g.
Abbott and Hrycak 1990), or even discard the timings completely if it is really the
orderings of events that is important. Certainly there is little point in adhering to one
particular method (Feyerabend 1988, 2nd), especially if this has not been shown to
have utility in addressing the problem at hand (Goldthorpe 2007, 2nd). Sequences
contain enormous amounts of data but the best approach is to make different

assumptions to those used in other analyses, rather than pretending to use none at all.

This discussion may seem to carefully skirt the issue of how one might make an
inference about any given hypothesis. However, this is simpler than would appear, the
only problem being in obtaining suitable data: having this, one can compare the
variation hypothesised with what is evident in the data and develop other possible
effects needing further investigation, more focussed hypotheses (Meehl 1967), and
possibly new theory to reflect the difference between prediction and outcome. Indeed
this is how some observers would say that science proceeds (e.g. Kuhn 1996, 3rd) and
how qualitative work does now (Goldthorpe 2007, 2nd). The words of Joseph Kruskal

are particularly relevant here:
“in many examples, it is remarkable that the differences are so small ... Such close

similarity can only be maintained by complex and subtle mechanisms.”

(Kruskal 1983:9)
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The key is to establish a framework for the analysis which will identify both similarity
and differences for whole sequences to give some variation about which to make

inferences.

The problems which remain therefore are the framework with which to analyse the
data (see §5), and the mode of presentation to see the results of this oneself and
elucidate them to others (see §7). Most specifically we need a mode of presentation
with the elucidation of the theory at its heart in order to make any inferences, and if
we are not used to thinking of things sequentially we should work harder to assist
ourselves. Sequence analysis may be a different way of thinking but the main reason
little progress has been made is that linking up their thinking through sequences has

not been done (see §2).

5. Analytical Frameworks

When making analyses of data scientifically, it is understood that there needs to be
some kind of framework with reference to which this is done. This has several
advantages: people might replicate the work; they may understand more readily for its
coherence; it can be compared, and contrasted, with the framework used in other
work; and it hence allows it to sit as a building block in scientific understanding, e.g.
as a special case open to generalisation. This does not mean there is only one way of
performing any particular research, simply an understanding of a need for

independent validation of the quality of the work (Goldthorpe 2007, 2nd).

For our purposes, in considering sequence analysis, we characterise an analytical
framework as being a list of assumptions which are not tested by the study. By this we
mean they are common to all analyses in the particular study, that they characterise
the family of analyses being performed. It will be quite familiar that there is a
difference between qualitative and quantitative frameworks but our definition is more
practical;, working from the bottom up, rather than the top down: it considers only
those methods being used at any time; it is reflexive rather than relative. In this way it
uses the concept of commensurability or consensus as defined by philosophers of

science (Feyerabend 1988, 2nd;Kuhn 1996, 3rd)
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When analysing sequences, as defined in §3, there is a clear division between
researchers who choose to use stochastic models and those using algorithmic
differencing. The former are things such as event histories (Wu 2004) and Markovian
models (Bartholomew 1973) which make an assumption that there is some kind of
limit to the information available from each sequence important to the model:
elements far apart in the sequence don’t affect each other; either through the number
of earlier states affecting the current one, or the independence from the future. The
latter are exemplified by Optimal Matching (Abbott 2000, 29) which assumes that the
difference between whole sequences can be estimated consistently and thus the
similarity structure of the subjects investigated (see, for example Abbott 1995, 21 for
details). This does not preclude applying both frameworks to some data in one study
and transcending the choice between them, as Abbott (2000, 29) might suggest with
his ‘toolkit’ approach; however, the focus of this section is the limitations of each

framework and its particular utility in relation to the other four elements.

The focus of both frameworks derives from a desire to understand any particular set
of sequences, that sequences track the evolution of an individual over time and that it
would be valuable to comprehend that evolution (see §2). The issues at hand are the
particular sequence of states followed by individuals and the amount of time spent in
each episode (see §3), and the strength of the association between these two with past
and future evolution of the subject and how this can be represented so as to be
understood (see §7). There is also the issue of the aggregate structure of the evolution
of the subjects with respect to some fixed latent or unobserved variables. Thus both
frameworks wish to consider the inherent structure of the sequence population with a

view to some hypothesis derived from some theory (see §4).

In attempting to fit stochastic models to data, one has a distinct advantage of the
maturity of the framework and the numerous options available (Wu 2000, 29). This
maturity extends to a knowledge of the relative assumptions of the models so that
these can be contrasted and take some account of the theory. There is also an
understanding that the model is not the true behaviour of the system but it is a
reflection of the observed data encapsulated in a form which is readily interpreted: all
inferences are derived from observed probabilities of changing states. In fact this

interpretation is a key feature such that predictions or simulations can be made from

17



these models and these represented in a variety of ways (see §7 for discussion of some
practical limitations). Their wide implementation and history means they present a

ready tool for making inferences predicated on the aforementioned framework.

The formidable background is a weakness for the stochastic models. Having
established something reliable and versatile (for various examples see Bartholomew
(1973, 2nd)), it is applied to every problem possible with adjustments included even
for typical shortcomings like incomplete data (normally non-response and attrition for
sequences but period data may be doubly censored). However, these methods are data
driven so some theory does not fit very well (see §2). Faced with the common concern
that long sequences are not fitted very well, methods to include latent variables and
improve identifiability have been developed although these remain unsatisfactory as
they are difficult to estimate (Green, Lid Hjort, and Richardson 2003). Other attempts
reducing to conditionally independent effects are equally unsatisfactory (see Raftery
and Tavare 1994) and essentially equivalent to those of Bakeman (c.f. Bakeman and
Gottman 1997). There is a need to make confident inferences, rather than identify
exact causal links, indeed external validity is much more important in social science

when similar conditions would not be expected or enforceable.

The algorithmic comparison of sequences comes more from the idea of quantifying a
life history approach to subjects than actually competing with stochastic models
(Abbott and Forrest 1986); sequences are either identical or they have some
differences. If they are different, we wish to describe how different they are: are all
the same states present in both, in the same order and for the same duration? Some
algorithms have been devised which transform one sequence to another, subject to
some costs, and thereby calculate the difference between them, minimising over
possible transformations (e.g. Abbott 1995, 21;Dijkstra and Taris 1995;Elzinga
2003;Piccarreta and Billari 2007). Others have considered common sub-sequences
(Abbott and Barman 1997) or the time spent in each state (Dutreuil, Thibault, and
Dutreuil 2008), and even made comparisons between selected algorithms (Elzinga
and Liefbroer 2007, 23) but the general approach is to construct a dissimilarity matrix

for the subjects.
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This issue of what to do with the dissimilarity matrix once evaluated is a more open
problem. Simply performing a cluster analysis and choosing a useful number of
clusters is a common approach but lacks inferential validity, even if the corresponding
dendrogram is used as a justification. Clustering around ideal types and model based
clustering (for examples see Martin, Schoon, and Ross 2008 on ideal types; and Oh
and Raftery 2007 on model-based clustering) offer much more obvious opportunities
for inference, although better sequence hypotheses, as discussed in §4, would still
afford much stronger conclusions. Thus many studies applying these methods result in
typologies of doubtful validity and which are difficult to interpret (web logs, as
mentioned earlier, being an extreme example), particularly as they are rarely well
represented visually (see §7) leaving the whole approach open to criticism (Levine

2000, 29).

The assumptions made in the algorithm are particular to each algorithm and much
discussion has focussed on choice of algorithm. For example, Optimal Matching
assumes that every instance of a state is identical and can be swapped at a fixed cost
for that of another. This is at odds with the intuition that an element representing a
whole episode is rather more significant than one representing one tenth of the length
of an episode. A criticism of this assumption, enhancement to the algorithm and an
assessment of the difference it makes has been prepared by Brendan Halpin (2010).
Other algorithms make assumptions but the variation between them can be compared
with differences between the variable set used for stochastic models (the variation of
outcome using different algorithms is not substantial, see for example Elzinga and

Liefbroer 2007, 23).

Complex criticism of both frameworks takes issue with assumptions they make in
their treatment of time. Assessments that algorithms ignore the role of duration of
episodes are inaccurate but their current lack of attention to using continuous
measurement or unequal timings is a weakness (Wu 2000, 29). More of a problem is
the stationarity assumption applying to the whole process (this cannot be assumed
when subjects come from different cohorts, especially when the theory investigates
differences between cohorts c.f. Lesnard 2006, 2006-01). However, although time
dependence is possible in stochastic models it is rarely identifiable, so it is the

hypothesis, as described in §4, which needs to pay due regard to this problem. An
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ideal development might be the availability of a topological approach to
transformation between sequences, as proposed by Kruskal and Liberman (1983),
although Lesnard (2006, 2006-01) still has concerns about a period approach, which

certainly mean an appropriate hypothesis needs careful consideration (see §4).

Arguing on relative weaknesses as above helps to identify avenues for possible future
research but is less useful in establishing the true utility of the frameworks (see §2).
For these, it is best to consider which sequences one is looking at and the particular
hypotheses involved (as described in §§3-4). Data in long sequences may result in the
most appropriate stochastic models being impossible to identify in their entirety (a
problem in structural equation models, c.f. McArdle 2005); short sequences may not
show sufficient variation for algorithms (see Clark, Deurloo, and Dieleman 2003, 40),
or place too much reliance on the assumptions or arbitrary costs. Moreover,
hypotheses about conditions pertaining to particular transitions will be much better
assessed by stochastic models whereas those looking at lifelong latent traits should be
far more evident through within group similarity of their sequences. As always,
complex hypotheses which make assumptions about the things they examine (like
endogeneity) may not be testable at all; the principle is simply that the framework
should be chosen by considering the situation one wishes to understand. Indeed the
data and theory may yield the opportunity to apply different frameworks

independently to the same problem (see §6 for more details).

A specific example in which differencing is more useful than stochastic modelling, is
an assessment of the manifestations of individual agency in certain structures. The
hypothesis being that there are expected trajectories into which subjects should cluster
but the interest is in how some individuals deviate from these expected pathways. A
stochastic model might identify the common transitions and patterns of such a
structure but would not easily represent the deviation from it (although semi-
parametric attempts could be made to estimate this). Of course there is still a problem
of detecting outliers in cluster analysis, so there would still need to be a good

understanding of the expected sequences in order to identify deviants.

Cohort data is the most natural medium for the similarities (Lesnard 2006, 2006-01)

and period hypotheses will be more readily addressed with a stochastic model. Both
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of these approaches make large numbers of assumptions, but adjustments and
interpretative approaches do exist for the stochastic models. The algorithmic methods
have no means of identifying the position in the trajectory and thus make little
headway. Improved algorithms which allowed time warping and indexing of time
would be a very valuable addition to the tools available which are limited to making
many assumptions currently. Thus there are severe constraints on the hypotheses
treatable by sequence analysis of period data, but the definition of a cohort may be
much more subtle than the group of individuals of the same age: they need only be

undergoing the same experience.

Most sequence analysis is limited by the data available as required sample sizes
appear to be large, and the amount of data on each subject should also be substantial
in order to secure the necessary variation and subtlety of the theory. Thus pre-existing
data will impose certain limits on the analysis possible, notwithstanding the facility to
adjust the categorisation of the data. There is also the opportunity to make more than
one analysis of the same data, albeit considering different hypotheses, possibly
derived from the same theory. Indeed this may be the best approach in making
comprehensive inferences about the evolution of any set of subjects (Robette and

Thibault 2008).

6. Categorisation

Having discussed the nature of sequences earlier, it may not be obvious that there is a
need to return to an aspect of the data used in sequence analysis, less still that it
should be fundamental to all analysis. However, if it is established that sequences,
hypotheses and analyses are interdependent then an aspect of the data cannot be
considered extrinsically fixed. That particular aspect is the categorisation of the state
variable which is used to form the individual sequences. This is clearly distinct from
and component to the sequences themselves but the categorisation is also dependent
on the subject under study. It may also have an impact on the mode of analysis
employed, especially in the case in which secondary data is being utilised. Thus the
categorisation gives rise to important principles in any given inference. Indeed, it is
the purpose of this section to expound the interplay between categorisation and the
other elements of sequence analysis and thereby justify its inclusion as the associated

principles are essential. However, it should be observed that the process of
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categorisation is challenging, and although sequence analysis may put certain
demands on the categorisation, its familiarity to the eventual audience will make a
substantial difference in the dissemination of the results of the analysis (see §7). Many
aspects of the process of categorisation are covered in detail by Bakeman (Bakeman
and Gottman 1997, 2nd), and such issues as observation, validity and

misclassification will only be discussed here in their relation to sequence analysis.

The primary issue in categorisation is encapsulated in what state variable to categorise
in order to see variation between subjects, even when a categorical variable is already
available from a secondary dataset. When to record a change of categories is also a
concern, not least for the decision between stages, events and transitions (described in
§3). The timing of the category should pay due regard to the hypothesised
significance of the difference between categories, rather than the ease of
measurement. Thus a simple and intuitive categorisation may be easy to implement
but irrelevant or even obstructive the research being undertaken. One solution to this
problem is to consider several state variables simultaneously (as in Pollock 2007, 170)
which would capture the complexity of the theory but may need some reduction in
order to ease the interpretation and visualisation of the result. Thus there will be

interplay between the categorisation and representations (see §7).

Where hypotheses, as described in §4, seek to establish differences between subjects,
the categorisation will need to be fine enough to exhibit these differences.
Measurements will also need to be recorded regularly enough to make sure
theoretically important episodes are not missed. That is, the subtlety and brevity of
hypothetically important events should be accounted for in the data collection design.
Indeed this will preclude the use of certain datasets to study certain phenomena, even
though they may seem superficially well suited to such a study. However, it may be
relevant ex-post to use the data in a coarser form than that originally collected, either
through collapsing categories or some state combinations in multivariable approaches
(Piccarreta and Lior 2010, 173). Social phenomena are complex enough that it is
difficult to discard any data on the grounds that it is not relevant (c.f. Wu 2000, 29),
so some ruthlessness will be necessary, but also several different analyses may be the
best way of treating multiple hypotheses, rather than trying to draw many conclusions

from a single analysis.
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All categories should be substantively valuable, indeed it may be advantageous to
have categories that overlap slightly, rather than having an exhaustive but
uninterpretable category of ‘other’ (see Abbott and Barman 1997, 27 for example of
the problems such a category can cause). If we consider categories as being some
demarcation of a space, it should be clear that some categories will border each other,
and thus be treated as more similar in the eventual model, whereas a category around
and between the others will violate modelling assumptions of homogeneity. In this

way a visual representation of the state space will be very useful (see §7).

A more subtle requirement of the categorisation is that it should be consistent
throughout the dataset, or homogeneous and also invariant under the hypothesis. An
assumption implicit in categorisation is that any instance of a category is in some
sense equivalent to or exchangeable with any other. Of course it is unlikely to be
necessary that they are all identical, although this would be ideal, a lack of
equivalence may interfere with consideration of the hypothesis and any associated
inference. For example, in comparing between two cohorts (as in Martin, Schoon, and
Ross 2008) one may find that a difference in sequences observed may result from a
change in the nature of instances of categories, rather than changes to the sequences
themselves. Thus the hypothesis must be constructed with regard to the assumptions

made by the categorisation and any systematic differences in categories.

The consistency of categories, mentioned above, is a more or less explicit assumption
in any kind of analysis of the resulting sequences. In a stochastic process, for
example, the probability of a transition from state j to state i is estimated based on the
observed transitions, thus assuming these are in some way equal. In particular, it is
normal to consider stochastic processes as being stationary i.e. independent of the
time at which this transition took place (although §5 describes some embellishments
to such a model, it also notes that many more data are required for useful estimation
of time dependence). Similarly, algorithms normally make no reference to where in a
sequence an element occurs, or at what time relative to others the sequence was
experienced, when they calculate the difference between two sequences. These
shortcomings reflect the genesic process described in §2 and are therefore avenues of

current research, but also the fact that inferences can be made despite violated
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assumptions (see Hwang and Green 2004 for evidence of the failure of this
assumption in DNA mutation analysis). As for stochastic processes, the time
invariance is not absolutely necessary but is often reasonable and will require careful

data preparation to treat hypotheses where it cannot be assumed.

It was discussed in §5 that more than one analytical framework might be applied to
the study of the same problem, albeit with different hypotheses. A key factor in this
flexibility of application is the categorisation used: most simply, a finer categorisation
will suit analysis by algorithmic differencing, where substantial variation between
subjects is required (to avoid the problems experienced by Clark, Deurloo, and
Dieleman 2003, 40); whereas coarser categorisations will suit stochastic models with

hypotheses about specific transitions and limited numbers of parameters.

The life course approach is gaining increasing use in epidemiological study (Kuh and
Ben-Shlomo 2004). This is not only due to understanding of the fetal origins of adult
disease but also the various phases and stages that conditions and treatments go
through. As an example, consider patients trying to give up smoking. This is a process
which takes a considerable amount of time, and may involve periods of reduction in
smoking, cessation, and relapse. This may be supported by various different
treatments and substitutes, as well as being associated with an outcome. Developing a
categorisation from this may seem reasonable enough, but there is always the problem
of the level of smoking when smoking, as well as the exposure to other smoke-filled
environments. More than this, though, there is the problem of the hypothesis: it is
understood that some people succeed easily and others fail completely; the question is
more related to the prognosis of those in between and effectiveness of interventions
for them. Thus if the study wants to understand the interventions, the categorisation

needs to be sensitive to the expected action of the intervention.

The most important point I argue about categorisation is that it is not fixed, and where
it is almost determined by the availability of data this will impose limitations on the
other elements of the analysis. However, we must realise that processes operate at
several levels (Chomsky 1957), requiring different analyses and varied conceptual
approaches to categorisation. In the analysis of web logs, we are presented with

naturally categorical data, the individual pages visited, but these are a consequence of

24



the nature of the system and may not correspond usefully with the aspect of the user
experience we wish to study (Iske 2009). Simply the categorisation should show
sufficient variation between the subjects to make an inference about our hypothesis
while allowing assumptions of invariance within categories to be excluded from our
concern. The familiar and natural interpretability of the categorisation will remain
important, particularly in the visual presentation and shall be discussed in the next

section.

7. Representation

The aim of research is to advance understanding in such a way as to have some
influence over practice. Thus, except in the case where the possible practitioners are
all contained within the group of researchers (e.g. in an intelligence or otherwise
confidential setting), there is a need to communicate the research undertaken. This
communication may be to an audience already familiar with aspects of the work, and
indeed already determined of the flaws in the work in hand. Hence a direct argument,
although entirely reasonable and correct, may not exert the desired effect (Kuhn 1996,
3rd). Thus in this section we need to consider the process of inference for the
individual, whether or not they are actually involved in the research, and the

implications of this for the representation of sequence analyses.

It is more effective to present influential evidence in a mode considered objective
(Tufte 1997) and do so openly, than to obscure or withhold the details. As §2
discussed, the path taken by studies in sequence analysis has been simultaneously to
address research questions and promulgate the tools available. Despite persistence in
these regards, there remain doubts as to the value of the research done (Levine 2000,
29), even though it is undeniable that they try to address interesting questions. Thus
although the paper draws on some weaknesses of the preceding work to recommend
an improved framework, it is obvious that some attention must be given to the

communication of sequence analysis.

It is conventional to illustrate analyses with figures serving the purpose of
complementing the explanation of the text, giving opportunity to different perspective
and different ways of thinking. These figures can take the form of photographs, plots,

diagrams and drawings and may feature any part of the research process from

25



conceptualisation and design to summaries of data or analyses. They are best used to
express the unfamiliar in a more detailed and accessible form, and to show the
conclusions in an evident fashion, exhibiting a visual explanation (Tufte 1997). Most
quantitative analyses concentrate on the latter, due to the general familiarity of the
problems but their conclusions are often complex and better suited to the naturally

multivariate presentation of a chart or table.

Earlier sections have considered the necessity of understanding the nature of
sequences and hypotheses involved. Thus we turn our attention away from the explicit
conceptualisation and the communication implicit in that. What remains is a more
intuitive understanding of sequence analysis: what a sequence looks like; what the
results look like; what the results tell us about the hypothesis. To get these ideas
across without forcing our view upon the reader requires a presentation both simple
and detailed, rich in information, yielding insight without obscuring (Tufte 1997).
One needs to be able to assess the difference between resemblance, contiguity and
causality (Hume 2000:16), to allow us to see what the sequences are, how they are
similar and how they are different. This is particularly important where the concepts
involved are unfamiliar as we proceed with our previous experience in mind (Hume
2000). The representation should be clear enough for the viewer to see all of the detail
while not giving a misleading impression of resemblance to other kinds of

presentation

Sequence analysis is certainly not a familiar technique to substantive researchers due
to its interdisciplinary applications and relative immaturity (see §2). This has led to a
lack of standard visual representation, even in the reporting of stochastic models
(although there are now some for OM in STATA (Brzinsky-Fay, Kohler, and Luniak
2006, 6)). Although thinking about sequences may not be a revolution of world view,
it is certainly very different to the common concerns of quantitative analysis (Abbott
2000, 29) and may well have such an aspect when viewed up close (c.f. Kuhn 1996,
3rd). In this way it needs more than frames for the presentation of results but also
description of the data, hypothesis and concepts involved; it also provides new tools
for the researcher (Piccarreta and Lior 2010, 173). Visualisation will also aid the
researcher, or would be researcher unfamiliar to the data or analysis, allowing initial

exploration and stimulating curiosity. More open presentation would very likely avoid
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the problems of arguments about facts (c.f. Hume 2000:24) which have been a major

obstacle like that noted by Goldthorpe (Levine 2000, 29).

Huge tables of summary statistics have been produced in some reports (Bartholomew
1973, 2nd;Brzinsky-Fay 2007;e.g. Stark and Vedres 2006) and also detailed plots of
events at various time lags, ostensibly showing significance (Altman 1965, 8). Most
of these are lacking in a focus on either the sequences or hypotheses involved in the
work, and although they might be valuable in a report following an established
method, they lack the simplicity and complementarity to support the explanation in
the text. Diagnostic plots have been produced, like the dendrogram from a cluster
analysis (Everitt, Landau, and Leese 2001), and just as it should , this has aided those
questioning the use of aspects of the algorithmic differencing methods (the main
concern is that the distance displayed in a dendrogram has no interpretation c.f. Wu
2000, 29). It might be suggested that a more complex approach to clustering (Oh and
Raftery 2001;0h and Raftery 2007, 16) or multidimensional scaling (c.f. Piccarreta
and Lior 2010, 173) are the best responses to this, which would also yield a
presentation in more dimensions as well as allowing the examination of cluster

density and relative positions of clusters.

Tufte (1997) has a rather high expectation of his viewers, demanding that “graphics
should be as intelligent and sophisticated as the accompanying text”, which does not
make an allowance for a new and unfamiliar mode of analysis being applied to a
familiar problem (c.f. Abbott 1995, 21). However, graphics are inherently
multivariate which makes them ideal for presenting sequence analyses, especially
given the effort of a bespoke design (as should be clear from the uniquely applicable
one produced by Clark, Deurloo, and Dieleman 2003, 40). It must be cautioned that
this complexity will make visual representations potentially misleading as they are
identifying coincidental relationships (also a problem in cluster analysis, see Everitt,
Landau, and Leese 2001, 4th). Indeed visual representations are inherently holistic
and may flatter such an interpretation if the only presentations are comprehensive and

lack focus on transitions.

More neglected than the presentation of results has been the use of representations as

part of the research process in the algorithmic differencing approaches. Geographers
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have of course produced some variety here (Gren 2001) but no link has been made to
social science. These plots include representation of sequence spaces which are very
difficult to read but have existed in geographical thinking since Hagerstrand (Gren
2001). The representation of the multivariate aspects of the data has recently been
approached by Piccarreta (2010, 173), this even allows for assessment of the utility of
categorisation, a particular problem experienced by Pollock (2007, 170) and likely to
be useful elsewhere (Iske 2009). Such presentation would allow researchers also to
demonstrate the validity of the choices they made in the analysis, with standard

making modes for this, c.f. residual plots, making the methodology more open.

The issue of understanding the hypothesis and thus making inferences is far more
complex than anything else in sequence analysis. Indeed, in cases of a study of
structure, it is very difficult to conceptualise what agency would look like in the
results, if it were to be there. This problem is present in the understanding of the
sequences themselves and thus exploratory analysis of the data also. This is the point
at which the choice of sequences, hypotheses and analytical frameworks may also
become dependent on the capacity of associated representation to facilitate inferences.
If inferences cannot be seen in the results of the analysis, the analysis itself is largely

redundant, from an inferential point of view.

We can conclude that although representations are important, they should not be
chosen to flatter the analytical framework preferred. Ideally, as discussed in §5, one
might present figures from both approaches to analysis one might present figures from
both approaches to analysis, for the contrasting conclusions evident therein but they
may be better treated as incompatible but complementary in the understanding of the
problem (as the analytical frameworks perform different roles in relation to the
hypotheses, as described in §§3-5). Indeed, given the substantial conceptual
differences between opposing frameworks, presentations may be the preferred

medium for communicating their contributions in an open manner.

Our second conclusion would be about the need to display some accessible summary
of the data. Several different approaches exist for this: multiple event histories can
focus on stages (Brzinsky-Fay, Kohler, and Luniak 2006, 6) or events (Johnson 2004)

but these are both cluttered and sometimes unnatural depending on the homogeneity

28



of the observations. Others try to show typical (Stark and Vedres 2006, 111) or ideal
(Wiggins, Erzberger, Hyde, Higgs, and Blane 2007, 10) sequences; while others still
are able to show a complete summary (Clark, Deurloo, and Dieleman 2003, 40) or
summarise the generation process (Shoval and Isaacson 2007). The display of data
will give some impression of the propriety of the categorisation for the needs of the
analytical framework (the differences are discussed in §6) whereas there are some
techniques for studying the frequency of short sequences and even corresponding
exact tests (see Abbott and Barman 1997, 27;Bakeman, Robinson, and Quera 1996, 1
respectively). In all of this, long sequences remain very difficult to explore without an

a priori construction (c.f. §4), indeed that is the main contention of Abbott (1995, 21).

Finally there is the problem of publication biases: results rarely reach those who
might appreciate them. There is still the problem of disciplinarity (see §2) and the
adherence to one particular analytical framework over solving the problems (see §5).
Some work such as that on QHA has been published almost solely in French (Robette
and Thibault 2008, 63). There is very little obvious place for methodological work on
sequence analysis which has been predominately focussed on optimal matching,
despite the range of other ideas (see Levy, Ghisletta, Le Goff, Spini, and Widmer
2005).

8. Principles

The preceding sections have argued that analysis of sequences is a relatively new and
developing quantitative methodology, and as such makes rather different assumptions
to established, cross-sectional approaches. Many of the studies published have been
doubtfully received and some of the methodology used has received some criticism
(Elzinga and Liefbroer 2007, 23;Hollister 2009, 38;Wu 2000, 29) including some
attempts to improve the methodology used (e.g. Halpin 2010). Many of the concerns
raised are legitimate, but their treatment has been rather piecemeal and failed to make
a comprehensive analysis of the assumptions being made (c.f. Goldthorpe 2007, 2nd).
Furthermore, the relative importance and interdependence of the assumptions has
been ignored. Thus some concerns are essentially subordinate to others, including
some which might in other analyses be considered fundamental, such as

misclassification being a function of categorisation. So we are left with five elements
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which encompass the key assumptions and principles which represent their

interdependencies, schematically represented in Figure 1.

Figure 1: Interrelations between the five elements, with time at the centre

The sequences collected for study will be dependent on the hypothesis we intend to
consider, like whether it involves transitions, events or stages. The availability of
sequences will limit the hypotheses admitting to analysis, whether whole cohorts are
available, or censoring or simple periods are available. Sequences will determine
which analytical framework is identifiable in that sequences with small numbers of
states and episodes will require stochastic models, and long ones may need other
approaches. A decision to use a particular framework, for example to exhibit a new
development, will determine requirements of the sequences to give an estimable
number of parameters and sufficient variation between subjects. The assumptions of
the framework will preclude the study of certain hypotheses thus the hypothesis needs
to be chosen with regard to the intended inference. Similarly, a determination to use a
particular framework will put constraints on the hypotheses which can be usefully
considered and again the variation needed to test them. Thus the first three elements
have a mutual interdependence which is obviously fundamental to any research

process.
Categorisation of the state variable is obviously necessary to constructing sequence

data at all. However, there is considerable flexibility open to the researcher in

determining this, and this can be very important in the research process (Piccarreta
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and Lior 2010, 173). The categorisation determines the sequence of each individual,
like whether just one characteristic or several is used as the state variable. The
hypothesis will require the categorisation to show the hypothesised difference
between the individuals. It is the similarity between some individuals which is
important (Kruskal 1983), but we must be able to tell the groups apart in the way
hypothesised. Categorisation makes an assumption of homogeneity within categories
and invariance over time which the analytical framework and the hypothesis must
admit. The analytical framework will be dependent on the categorisation to give the
appropriate level of detail to make any inferences and allow the relevant model to be
identified. Thus the categorisation of the state variable is of considerable importance
to the researcher but this power is contingent on sensitivity to the context of the
research which may not indicate the use of a conventional categorisation, despite the

benefits of its familiarity.

A balance must be found between analytical power of the bespoke and the explicative
power of the familiar. Whereas for descriptive work it may be beneficial to make
things simple for the analyst, that concern cannot be given pre-eminence in an
inferential framework. Representations are fundamental to processes of analysis,
whether this is the theory, the raw data, or the model summary which is being
represented. Whenever choices are made, these should be represented clearly so that a
decision can be made based on the evidence, rather than a predetermined idea, this
also gives the result of a clear process for scrutiny of others. Thus all of the other
elements are dependent on the use of representation, from the fundamental
understanding of what the sequences are, so important in an emerging area, to the
explication of a hypothesis, e.g. using ideal types, and choices of categorisation.
While representation might seem part of the analytical framework, its importance
affecting both all the other elements, and the presentation of work to an audience,
means the subtlety of choices and development of such presentation is essential to any
inference. New methods may be powerful, but without powerful representation their

insight will be lost so some compromises will be necessary.

Thus the principles do not make for a complete interdependence but more a restraint
on the blind analysis of data. The process of sequence analysis is inherently holistic

on subjects’ experience, and so considerations of the complex interrelation of the
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elements should be fairly intuitive to practitioners. The principal difficulty in applying
these principles is the lack of many successful inferential studies to draw ideas from.
However, they should be used iteratively, and many studies give an obvious starting
point from which to work, an element which is fixed by design. There is also a need

to develop the tools available further, so that fewer compromises will be necessary.

9. Progress

Most success in the application of sequence analysis so far has been descriptive of the
data analysed and has documented familiar kinds of lives and experiences. This paper
attempts to establish an inferential framework but application of the principles should
establish greater descriptive capacity in new and emerging areas of application. In
fields where there is a tradition of discussing the states which make up sequences, like
life course theory (Levy 2005), there is already a descriptive basis for the analysis of
sequences. In the analysis of things like web logs, which is much less advanced, there
has been very little success in even describing the trajectories followed by individuals
or the similarities, differences and clustering patterns. Here there need to be
established sequences which embody familiar ideas so as to develop resemblances to

them in future work.

The principles make it clear that there are inferential weaknesses to existing
methodology and previous many studies. Hence although sequence analysis has been
criticised for its lack of contribution, it may be that it has yet to be developed
sufficiently. Particularly the two analytical frameworks have weaknesses: the
stochastic are too simple and the assumptions are very restrictive; the holistic
algorithmic methods are less well established and their assumptions are not well
enough understood to yield inferential framework. Both methods have to a large
degree been poorly executed in the literature although we do not wish to propose a
standardised method, indeed which would be at odds with the principles above.
However, criticism of particular methods relates more to their clear explication of
their approach, rather than low quality of the studies. Other problems like
misclassification affect both frameworks and were discussed in §6, visual aspects of
description are an apparent weakness of most sequence analyses (see §7), but there

may be forgotten or neglected tools in other disciplines. One of the greatest advances
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in both inferences and dissemination would be if there were more appropriate

representations used in research and reported in publications.

In any field of research there can be problems when the users are uncritical of their
methodology (Feyerabend 1988, 2nd). The principles espoused above may not be a
solution to the problem of inference, but they surely aid understanding of whether the
next steps are to develop methodology further, focus on different questions, or collect
new data. Following principles of any kind is much more open to the understanding of
others, whether or not they choose to agree with the methods followed. A more
systematic, but not prescriptive (c.f. Feyerabend 1988, 2nd), approach will be of
considerable help in addressing the conflict identified elsewhere by Goldthorpe
(Goldthorpe 2007, 2nd). Even if there are substantial weaknesses to the principles, we
would hope, as Chomsky did, that:

“By pushing a precise but inadequate formulation to an unacceptable conclusion, we
can often expose the exact source of the inadequacy and, consequently, gain a deeper

understanding of the ... data.”

(Chomsky 1957:5)

Overall it is best to be guided by a research question but careful of the assumptions
made and the interplay between the two, given the constraints imposed by the
availability and form of the data. Thus any sequence analysis should be developed
with regard to principles and mindful that the resulting inference may be a better
understanding of the problem, rather than a solution to it. Algorithms and models
would then continue to develop as they have done: in conjunction with the problems
they seek to understand. An engagement with the success that has happened and a
truly holistic rather than disciplinary approach to problems, using both frameworks in
the same analysis and looking far back to studies in things like life course
epidemiology (Kuh and Ben-Shlomo 2004) may not be a comfortable idea to some,
but it is likely to be the most successful.
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