SPECIAL SECTION ON
SEQUENCE ANALYSIS

The authors review all known studies applying optimal matching or alignment (OM) tech-
niques to social science sequence data. Issues of data, coding, temporality, cost setting/
algorithm design, and analytic strategies are considered, and substantive findings are re-
viewed. The authors conclude that OM techniques have produced interesting results in a
wide variety of areas, the most promising being studies of careers and of sequentially or-
ganized cultural artifacts.
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1. INTRODUCTION

A wide variety of sociological questions take the form of what may
be called sequence questions, questions about whether some process
or series of events typically happens in a particular order. Such ques-
tions are central in the literature on careers of various kinds: occupa-
tional careers, criminal careers, organizational careers. They are also
common in studies of the life course and its transitions, as well as in a
wide variety of macrosociological fields where nouns such as profes-
sionalization and modernization provide shorthand summaries of
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theories that organizations and nations develop following characteris-
tic patterns. In all these fields, beyond the simple question of the exis-
tence of patterns, lie other questions about what influences those pat-
terns have on other variables and, indeed, what other variables dictate
the patterns that cases follow. Related to these questions, mathemati-
cally although not substantively, are questions about similar “orders”
in social and cultural structures. The question of whether the various
elements of a story follow the same pattern in all variants poses a
career-like problem, although a story does not have the stochastically
generated character of an occupational career. The same is true for the
question of the characteristic arrangements of stores in strip malls or
of neighborhoods along transit lines.

The term sequence analysis has come to be applied to a variety. of
methods in sociology that address these kinds of questions. All of
them have the common property of taking as their input sequences of
data rather than individual data points. In formal terms, the input data
are ordered arrays. Usually these are one-dimensional, although they
are not necessarily so. The identifying characteristic of sequence data
is their ordered character, not their dimensionality.

The most familiar form of sequence data, in this sense, is time series
data. Such data are of course the object of well-known methods, which
treat them as generated by an underlying stochastic process. The com-
mon characteristic of sequence analyses is that they treat each data
sequence as a whole rather than as stochastically generated from point
to point. Itis as if one were comparing many time series to one another
as whole units.

There are a variety of sequence analytic methods at present, and
undoubtedly more will emerge (for a review, see Abbott 1995b). Cur-
rently, two general types of sequence analyses are becoming common:
event structure analysis, developed by Heise (1991), and optimal
matching or alignment (OM) methods. This article reviews applica-
tions of the latter to social scientific data.

2. HISTORY

OM methods were developed for the rapid analysis of protein and
DNA sequences. In biology, the characteristic task was to search a
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large database for close matches to a particular sequence of interest,
typically arecently discovered protein. These “template” applications
far outnumbered the “multiple alignment” studies, in which a number
of proteins or DNA sequences from various organisms would be ana-
lyzed ensemble to create a distance matrix that could then be clustered
in order to ascertain patterns of descent. The reason was simple: The
template problem was linear in the size of the data set whereas the
multiple alignment problem was quadratic. Outside biology, too, the
most common problems were template ones, which arose in computer
science under the term string editing. These typically occur in error
correction routines such as spell checkers and file comparison
algorithms.

OM algorithms first appeared in the early 1970s. By 1980, there
was a substantial body of research, reviewed by Sankoff and Kruskal
(1983). By the 1990s, string algorithms (as they are now usually
called) had become a standard course in computer science training
programs.' The rapid proliferation and widespread use of string algo-
rithms led to an important change in the way they were conceived.
Early applications generally viewed the algorithms as mimicking
actual processes: in the biological case, the processes of insertion,
removal, mutation, transposition, and recombination. However, the
algorithmic intractability of most of these processes led to an over-
whelming emphasis on the simplest of them. As a result, OM algo-
rithms are today conceived less as actual models for reality than as
generalized pattern-search techniques. It is this general pattern-search
capability that has led to their application in social science.

OM algorithms were first used in social science by Abbott and For-
rest (1986). There have been a variety of applications since, and it is
worthwhile to reflect on the utility of the algorithms and their potential
for future development.

3. DEFINITIONS

OM algorithms generally work by defining simple algebras that
permit the creation of metric distances between sequences. These sim-
ple algebras involve at a minimum the operations of replacement,
insertion, and deletion, the latter two often known simply as indel. The
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distance between one sequence and another is defined as the minimum
combination of replacements and indels required to transform one of a
pair of sequences into the other. Different replacements can be
weighted differently in accordance with some theoretically driven
scheme. Indels can be weighted linearly or, as is more common in the

- biological literature, assigned a single “gap cost” that may or may not
be augmented by a smaller cost linear in the length of the inserted (or
deleted) material. The indel weight can also vary with respect to
replacement. One important variation in applications of OM algo-
rithms in social science, then, is the setting of these various costs.
However, there are some algorithms, generally those directed at much
fainter types of regularities, that do not involve cost setting, but simply
define weighted objective functions on the data that can be maximized
to find shared patterns (see section 8).

Finding the minimum cost distance between two sequences, sub-
ject to given costs, is a nonobvious task. It is solved by dynamic pro-
gramming, programming that handles a large computing problem by
solving a set of smaller problems whose results depend “dynamically”
on one another. In OM, that dependence takes the form of ordering the
smaller problems recursively. The exact nature of the recursion
depends on the elementary operations chosen for the underlying
sequence algebra. Although these may potentially include such things
as swaps of adjacent elements or even a reversal of some large subse-
quence, in practice the vast majority of alignment work in biology
employs only substitution and indels. This reflects computational dif-
ficulty rather than biological reality; swap algorithms (e.g., CELLAR;
see Wagner 1983) are extremely cumbersome.”

An application of OM typically proceeds in several steps. The data
must first be coded into a set of sequences using a finite alphabet of
states. A replacement cost matrix must then be defined on these states
and a gap cost scheme chosen.’ The algorithm is then applied, result-
ing in a matrix of distances between all pairs of sequences. This matrix
itself must then be analyzed, typically with some form of dual-data
reduction scheme such as cluster analysis or multidimensional scal-
ing. In what follows, we shall review the strategies chosen at each of
these steps by the various studies reviewed.

We have been able to locate 23 applications of OM in the general
sociology literature, including articles, conference papers, and
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dissertations. A number of other applications are in progress but at
present are unavailable to us.

4. CHOICE OF DATA

The OM literature involves a bewildering variety of topics, from
careers to daily life to national histories. Career analysis is the most
common application. Chan (1995) and Halpin and Chan (1998) inves-
tigated careers at the class level and examined individuals’ histories of
class status over the life course. Abbott and Hrycak (1990), Carpenter
(1996), and Stovel, Savage, and Bearman (1996) considered careers at
the more detailed level of particular types of jobs. (The latter two cases
work within an internal labor market, the former within a broader but
still well-defined market structure.) Han and Moen (1999) combined
these two levels into a three-track sequence of occupation, organiza-
tion, and socioeconomic status. Blair-Loy (1999) also investigated
career sequences that combine occupation and organization codes.
Giuffre (1999) investigated careers in terms of structurally equivalent
positions in a block-modeled network. Erzberger and Prein (1997)
combined work and family sequences. Modell’s (1997) analysis of
patterns of communion attendance over the life course examined
another type of “career.” Still other analysts have looked at the careers
not of individuals but of larger social structures. Stovel (1994) investi-
gated the existence of historical patterns in rates of lynching in coun-
ties of the southern United States, whereas Abbott and DeViney
(1992) considered the sequential onset of various welfare state pro-
grams in the major nonsocialist countries.

A number of authors have examined shorter sequential patterns.
Wuerker (1996) studied sequences of types of service utilization
among Los Angeles mental patients during a single year. Wilson
(1998a, 1998b) considered microlevel sequences of activities within a
single day among a random sample of Canadian women. Pentland
et al. (1998) examined variety in work sequences at a reference
library, a PC laboratory, and a travel agency. Sabherwal and Robey
(1993, 1995) investigated development sequences for information
systems in organizations, whereas Poole and Holmes (1995) studied
sequences of group decision making in experimental groups.
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Finally, a number of works have examined sequence patterns not in
real time but in the formal order of cultural artifacts. Abbott and For-
rest (1986) applied OM to figure sequences in dances, nesting that
analysis within a larger question about historical patterns. Forrest and
Abbott (1990) investigated patterns in folktales, and Abbott and
Barman (1997) studied the rhetorical structure of sociology articles.
Levitt and Nass (1989) examined chapter sequences in physics and
sociology texts.

The broad topical range of these works confirms the many possi-
bilities of the method. Questions of sequence regularity and pattern do
indeed pervade the social sciences.

5. CODING AND TEMPORALITY

The types of data used have distinct effects on the types of coding.
Coding is an important issue in OM for a number of reasons. The deci-
sion of how events are to be defined shapes the input irrevocably. Par-
ticularly where events are complex, decisions about how to group
them are quite consequential. At the same time, the existence of
weighted replacement and indel costs means that coding variations
actually have less implication than it might seem. One analyst might
lump events that another might split. But even an analyst who split
events into subevents would mostly likely assign replacement costs
between those subevents that were much lower than those between the
larger events that such a splitter would share with a lumper. Thus,
closeness information is not totally lost in the move from splitting to
lumping.

A number of works have accepted organizationally determined
codes. Thus, Wuerker (1996) used various officially recognized types
of mental health services to code her “careers of utilization” as
rank-ordered sequences. Carpenter (1996) used official job titles at the
U.S. Department of Agriculture to code job histories, although he
retained durational information. Others collapsed such official classi-
fications (e.g., Stovel et al. 1996). Still others have used official num-
bers, but as rates. Stovel (1994) used numbers of lynchings per annum
in southern U.S. counties. Modell (1997) used numbers of commu-
nions per year by individuals in a Swedish town. Finally, some writers
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have used codings that are standard throughout the literature. Wilson
(1998a, 1998b) used the time budget codes employed throughout
Canadian studies of time allocation, whereas Chan (1995) and Halpin
and Chan (1998) used versions of the Goldthorpe class scheme. Other
authors have developed their own quite elaborate coding schemes.
Pentland et al. (1998) used field-coded observation data, whereas
Poole and Holmes (1995) applied an elaborate multilevel coding
scheme to experimentally generated videotaped data. Giuffre (1999)
produced her sequence elements by block modeling (for each year of
her study) a 159 x 159 matrix of connections between photographers.
Levitt and Nass (1989) had independent judges create a coding
scheme for their textbook subjects, whereas Sabherwal and Robey
(1993) derived their own coding scheme for innovation events by a
process of progressive refinement, a process similar to that of Abbott
and Barman (1997) and Forrest and Abbott (1990).

Forrest and Abbott (1990) conducted the only direct study of the
impact of coding on OM results. They had five coders code the dance
sequences they had analyzed in 1986 and examined the variation in the
results. Even though the coders varied both in their particular codings
and, especially, in the level of detail, the results were remarkably sta-
ble, both in the comparative results (using scaling and clustering) and
in Monte Carlo significance testing of the resemblance of the actual
distances produced.

A number of authors have created complex “events” for their
sequences by cross-classifying a number of simple events. This is the
only strategy available for dealing with multiple, parallel tracks of
sequence information in the OM framework; it must be reduced some-
how to the unilinear structure expected by the OM algorithms. Abbott
and Hrycak (1990) combined codes for sphere of activity and particu-
lar job, whereas Abbott and DeViney (1992) coded welfare states in
terms of which combination of the five basic welfare programs they
possessed in any given year. Dijkstra and Taris (1995) coded individu-
als by combinations of household status (five types) across educa-
tional status (three types) across job status (three types). Blair-Loy
(1999) combined a nine-category classification of types of jobs held
by individuals with a four-category classification of the sizes of the
firms within which they held those jobs. Han and Moen (1999) com-
bined a job classification, an organizational classification, and a work
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status code in their three-level sequences of work histories. These
various combinatoric codings of events create serious complexities in
the setting of replacement costs, as we shall see.

Related to issues of coding are those of temporality. The vast
majority of career studies code their sequences with regular time inter-
vals, usually single years. In such a case, a data sequence would con-
sist of the type of job held each year for a number of years. A few stud-
ies (e.g., Wuerker 1996; Levitt and Nass 1989) used episodes (units of
varying length) as their sequence unit. Both schemes allow repeats.
Only Dijkstra and Taris (1995) used a purely rank-type order in which
a code was entered only if it was different from the preceding code.
Their application used a rather curious process of deleting “superflu-
ous” events that has strange consequences for the distances observed
(see Abbott 1995a). Abbott and Barman’s (1997) subsequence appli-
cation also used a rank-type order.

Abbott and Hrycak (1990) proposed several different temporal
structurings for the same data. For example, their analysis reduced all
careers to a single length and then aligned the proportions of the career
spent in different kinds of jobs. Abbott and Hrycak also attempted a
purely rank-based scheme and a scheme of logging durations to
reduce the effect of long constant runs. Chan (1995) followed Abbott
and Hrycak in attempting a “standardized temporality” model and
found, as did Abbott and Hrycak, that the differences in results were
not large. Only Stovel (1994) further developed the idea of varying
temporalities. Interestingly, although Stovel’s county lynching
sequences showed no patterns under standard temporality, she
hypothesized that lynchings might have important legacy effects
through their retention in local memory and, hence, allowed each
lynching to enjoy a finite, decaying presence for a few time periods
after the one in which it occurred. Under this new temporality, strong
patterns appeared.

In summary, OM has broad applicability in terms of data arrays.
One obvious drawback of OM analysis—in comparison with, say,
Heise’s (1991) event structure analysis—is its unilinear nature. How-
ever, authors have to a certain extent evaded this problem by employ-
ing “combination events.” They have also used flexible temporal
schemes. Indeed, some have attempted several time schemes on one
body of data and others have undertaken perturbation analyses of
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coding and weighting. In general, none of these multiple analyses
found substantial variation in results. Overall, authors do not consider
the method to be excessively constraining with regard to the kinds of
sequential data structures it can analyze or excessively vulnerable to
the exact coding structures used for time and events.

6. REPLACEMENT AND INDEL COSTS

Having coded data, analysts must then set replacement and indel
costs for the algorithms to use. Again, there has been a variety of
choices. A few writers (Dijkstra and Taris 1995; Pentland et al. 1998)
simply set all substitutions and indels to a single figure on the grounds
that they lacked any theoretical reason for doing otherwise. Most
authors, however, set distinct substitution and indel costs.

Most authors have specified replacement or substitution costs with
a simple matrix. Some categorize the matrix elements in bands so that
there are in fact only two or three different replacement costs (e.g.,
Levitt and Nass 1989; Chan 1995). Usually, these bands embody a lin-
ear ordering of some sort on the matrix elements, as in Giuffre’s
(1999) ordering of different kinds of blocks in a network. Some assign
substitution costs on the basis of some known linear property of the
categories (e.g., Carpenter [1996] uses job salary). Others have used
theoretically generated costs. Still others have derived costs from rater
rankings (Abbott and Forrest 1986; Forrest and Abbott 1990), usually
organized into hierarchies. A number have used hierarchical cost
structures in which there are major costs between large branches and
minor costs between small ones. (The Beldings software used for
several of these studies actually takes its cost input in this fashion
[see Abbott and Hrycak 1990]. A similar cost structure was used in the
OM section of Abbott and Barman [1997], although with different
software. For further information on software systems, see the appen-
dix.) Those who have used cross-classification of simple events to
develop more complex “sequence events” have had to derive highly
differentiated cost schemes (e.g., Abbott and Hrycak 1990; Abbott
and DeViney 1992; Stovel et al. 1996). Often, these studies have com-
bined several types of information. Thus, in the case of Abbott and
Hrycak (1990), the substitution costs combined information on job



12 SOCIOLOGICAL METHODS & RESEARCH

differences, sphere-of-activity differences, and transition information
within both realms. Stovel et al. (1996) combined information on bank
branch differences with information on job differences using transi-
tion information as a measure of distance for both kinds of differences.

OM analysis clearly needs to reflect on substitution costs. Accord-
ing to Stovel et al. (1996), “The assignment of transformation costs
haunts all optimal matching analyses” (p. 394). Individual costs are of
course one-dimensional, as is alignment itself. But the whole cost
structure may embody several dimensions of difference. During the
process of coercing multidimensional structures into unidimensional
ones, information inevitably will be lost. We have yet to see studies
attempting several substantially different cost schemes on cross-
classification event data, even though the relative importance of vari-
ous differences used to constitute a single replacement cost might dif-
fer with the context.

Perhaps more important, most studies do not investigate the effects
of perturbation in costs on the results. Without more of this perturba-
tion analysis, it will be difficult to assess the dependence of OM on
particular cost schemes or, indeed, to develop criteria for judging any
particular cost scheme effectively. Indel costs are also problematic.
The original applications of OM in social science were done with what
we can now see were relatively high indel costs. Abbott’s early appli-
cations all set the indel cost at a value equal to the largest substitution
cost plus the difference between the largest and the next largest (as in
the original Beldings programs; see the appendix). A number of
authors followed Abbott in this high value, usually setting indels
equal to at least the largest substitution cost (e.g., Stovel et al. 1996;
Pentland et al. 1998). However, some analysts have attempted several
different insertion costs (e.g., Levitt and Nass 1989; Poole and Holmes
1995; Chan 1995) without noting serious variation in results. (Chan
[1995] actually used a fixed gap weight plus a small amount linear in the
length of the insertion, but the fixed gap weight was relatively high.)

However, S. Gauvreau (personal communication, 1994) pointed
out that such high-cost indels coerce the algorithms in important
ways. In particular, if sequences are of equal length and indels are set
to any cost greater than half the largest substitution cost, indels will
never be used, since it takes two of them to take the place of a substitu-
tion. Where sequences are unequal in length, indel costs of this size
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would prevent the algorithms from using any more indels than exactly
enough to offset that difference in length. As a result, it became clear
that for most applications in which serious alignment of similar por-
tions of sequences was desired, indels should be set much lower. To
determine appropriate levels, it is necessary to actually watch the
effect of changing the indel level on a number of alignment pairs.
Some software packages have such a facility. For example, the
EXPLORE module of Abbott’s OPTIMIZE program allows visual
inspection of the alignment of any pair of sequences, allowing the user
to shift the indel cost and watch the effect on the alignment. (Some
biological packages also have this facility.) Using this module, Abbott
and colleagues (see Blair-Loy 1999; Carpenter 1996) ascertained that
indel costs in the vicinity of 0.1 times the largest substitution cost tend
to pick up the sequence regularities that appeared to be substantively
interesting.

The area of cost setting thus has seen some real diversity. The
majority of studies have used fairly simple substitution costs and fairly
high indel costs. Although these have produced interpretable results
(see below), there remains some question about their theoretical rea-
sonableness. Cost analysis will be important in the development of
OM analyses.

With respect to the issue of sequence length, we should mention
here the corrections used to deal with the fact that variation in
sequence length means that some pairs of sequences have a greater
potential distance between them than do others. Abbott and many oth-
ers have dealt with this by the expedient of dividing the ultimate cost
of transformation by the length of the longer sequence of the pair.
(Abbott’s OPTIMIZE program does this automatically, as do the
Beldings program and Stovel’s SAS programs.) Dijkstra and Taris
(1995) arbitrarily “reduced” all sequences to equal length. We should also
note that in applications where all sequences are the same length by
design (e.g., Giuffre 1999), the length issue of course does not arise.

7. ANALYTIC STRATEGIES

Once costs have been set and sequences submitted to the algorithm,
the resulting distance matrix must itself be analyzed. There is a
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distinction here between those who have done simply a first-stage
analysis such as scaling or clustering and those who have gone on to
apply some further analytic procedure to the clustered/scaled results.
Loosely, we could consider this a distinction between those who have
used the methods purely descriptively and those who have gone on to
apply some form of causal analysis.

A few analysts have generated groupings more or less inductively.
Among these appear to be Modell (1997) and Carpenter (1996). Pent-
land et al. (1998) examined sequential variety in groupings that are
established ex ante—a solidly theoretical strategy. A few authors have
used scaling as a first-stage analytic strategy (Abbott and Forrest
1986; Abbott and DeViney 1992). More commonly, scaling is used as
an adjunct to cluster analysis (Abbott and Hrycak 1990; Poole and
Holmes 1995).

Beyond these few, by far the most common first-stage analytic
strategy is cluster analysis. The usual variety of cluster methods has
been attempted. Perhaps more to the point, given the reservations
many sociologists have about cluster analysis, a number of methods of
cluster validation have been attempted. Some analysts have relied on
interpretability as a validation criterion (e.g., Chan 1995; Halpin and
Chan 1998). Abbott’s first OM work with clustering (Abbott and
Hrycak 1990) used jackknife tests comparing within- and between-
cluster distances, a strategy more or less followed by Sabherwal and
Robey (1993, 1995), who also examined sharp changes in fusion coef-
ficients, as did Poole and Holmes (1995), Wuerker (1996), and others.
Han and Moen (1999) used an ANOVA-type validation strategy some-
what like Abbott and Hrycak’s (1990) jackknives. Various authors
(Abbott and Hrycak 1990; Stovel 1994; Sabherwal and Robey 1993)
identified a real or theoretical typical sequence in each cluster. Abbott
and Hrycak (1990) used this typical sequence to test “quick identifica-
tion” for unclassified sequences, offering a method for rapid classifi-
cation of large sequence databases after preliminary clustering of
samples from them. Stovel et al. (1996) also used such a quick classifi-
cation procedure.

There has thus been some attention to the direct validation of clus-
ter results. This validation has also come indirectly from the inspec-
tion of linear variables correlated with cluster membership, a proce-
dure commonly used even if further analysis was not built on those
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variables. Sabherwal and Robey (1993), Carpenter (1996), Han and
Moen (1999), Wuerker (1996), Giuffre (1999), and Halpin and Chan
(1998) all used such inspection to some extent.

The validation problem remains a central one for OM analyses, as it
is for classificatory and descriptive methods generally. Only a handful
of the studies use external criteria or probabilistic validation, the
majority relying on theoretical interpretability or careful reading of
fusion coefficients. Future studies will need to incorporate serious
validation procedures more routinely.

Although sometimes used for validation, linear or categorical vari-
ables attached to cases may also be used in further analysis, with
sequence clusters being used as either independent or dependent vari-
ables, a strategy discussed in Abbott (1990b). In such cases, the proof
of the classificatory pudding comes in the explanatory eating.

Abbott and DeViney (1992) inaugurated this independent variable
analysis of matchings by investigating the effects of various country
attributes on the location of a country’s welfare sequence in the two-
dimensional scaled space of welfare sequences. Thus, sequence was
the dependent variable. Results, however, were either negligible or
counterintuitive. Poole and Holmes (1995), in contrast, found fairly
clear independent effects of sequence type on three variables of their
decision sequences: consensus change, decision quality, and decision
satisfaction. Carpenter (1996) also found some independent variable
effects, in his case effects of sequence type on total duration of
employment in the U.S. Department of Agriculture. Han and Moen
(1999) found strong effects of career pathway type on timing of retire-
ment (the latter measured as receiving a pension and, thus, independ-
ent of the in/out of the labor force element of the sequences them-
selves). Thus, there have been some successful searches for
independent effects of sequence, but no success with sequence as a
dependent variable. This last point may reflect the difficulty of turning
sequence type into a variable, which can be done either categorically
or via a data reduction method such as the scaling used by Abbott and
DeViney (1992). But we still lack substantial findings.

In summary, the chief analytic strategy with OM has been cluster
analysis, usually with some form of direct validation. An important
development here has been the use of quick classification schemes to
overcome the inherent limitation of multiple alignment type
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approaches, with their quadratic calculation loads. Because clustering
programs have themselves become more powerful—handling data
sets in the thousands—such classification schemes have been less nec-
essary, but they still permit the analysis of truly massive data sets.

A few analysts have gone beyond clustering to look for independ-
ent effects of sequences on various outcomes and have found effects of
varying sizes. None of these analyses produces the kinds of decisive
effects that would encourage the use of the methods. But the descrip-
tive studies produce reasonably interpretable results, and the explana-
tory studies produce modest effects. The dangers with a technique as
descriptively oriented as OM lie in the possibility of substantial inter-
pretation of artifactual results. The literature to this point apparently
does not suffer from this difficulty. Authors have been careful with the
validation problem, and the substantive results are encouraging, if not
overwhelming.

8. A NOTE ON SUBSEQUENCES

Often in sequence analysis, we are interested not in the resem-
blance of whole sequences but, rather, in the possibility of common
subsequences. The various works on turning points (see Abbott
1997b) are a case in point. Here, we expect to find, in each sequence,
some short pattern common to most sequences. There might be inser-
tions in this subsequence or random replacements in this or that ver-
sion of it. But still we expect a common subsequence, albeit with pos-
sible damage. Until recently, this problem was computationally
difficult. However, an algorithm due to Lawrence et al. (1993) pro-
vides a solution, finding for any group of sequences the optimal com-
mon subsequence across the group. This optimal common subse-
quence need not appear in all sequences and need not appear in total in
any single sequence. Indeed, it can start at points that vary widely
across the sequences. The algorithm works via a Gibbs sampler
embedded in an optimization structure. A Markov chain is generated
on the space of all possible subsequence combinations using condi-
tional probability information on transitions from one such combina-
tion to the next in such a way as to maximize a particular objective
function defined on the combination.
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A sociological illustration—applying the algorithm to the problem
of finding subsequences in the rhetorical patterns of sociological arti-
cles—is provided in Abbott and Barman (1997). The algorithm
locates a regularity that appears perfectly only in a small fraction of
the data but that recurs in part throughout it. (There do turn out to be
short rhetorical patterns that recur across sociological articles.) The
results were validated via a Monte Carlo test in which final values of
the objective function were calculated for hundreds of runs on random
permutations of the data, providing a baseline distribution for the
value observed on the unpermuted data. The results are quite striking
and completely unachievable via direct methods.

9. SUBSTANTIVE RESULTS

We consider the substantive results of these analyses in the same
order as we took up their subjects in section 4. We begin, then, with
studies of individual careers. Chan (1995) found four distinctive job
careers in a small sample (N = 37) of Hong Kong residents who have
moved into the service class. These results persist under various trans-
formations of cost and temporality. Chan argued that the congruence
of standardized and real-time results indicates the absence of tourna-
ments in mobility. Chan also found some distinct socioeconomic cor-
relates of these careers.

Halpin and Chan (1998) undertook a much larger study, analyzing
about 1,000 sequences each in two different data sets (the Irish Mobil-
ity Study and the British Household Panel Study). The data are retro-
spective class-level histories covering ages 15 to 35. Because all data
are artificially set to be of equal length, Halpin and Chan felt they
could afford to set the indel cost relatively high. Sequences were “pad-
ded” on the left with a “waiting to enter the labor market” state. Halpin
and Chan were less concerned with documenting particular sequence
clusters than they were with investigating the power of OM in working
with large data sets. Their conclusion was that OM provides a very
powerful first cut at the data, which must then be supplemented by
more traditional, narrowly focused methods. Period effects, cohort
effects, and specific sequence effects all became evident in the OM
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results, providing a useful guide for how and, especially, where to
attack data in more detail with standard methods.

The studies on job careers succeed to varying degrees. Abbott and
Hrycak’s (1990) analysis of several 100-person samples of German
musicians in the eighteenth century establishes the existence of one
major career ladder, thereby demonstrating that the entire musical
labor market had at least some of the characteristics of an internal
labor market. Individuals who reached the topmost positions had gen-
erally done so via a limited set of routes. Other ladders, however, were
shorter and less clear. Studying 1,000 careers, Carpenter (1996) dem-
onstrated that an integrated system of career trajectories, personal net-
works, and careful selection played a central role in building the com-
prehensive organizational culture that made the U.S. Department of
Agriculture fundamentally different from other federal agencies.
Whereas prior authors had emphasized the origin of this culture in
various forms of political control, Carpenter demonstrated the role
career trajectories played in knitting the structural basis of culture and
commitment in the agency. In contrast, Stovel et al. (1996) empha-
sized change in career trajectories over time, demonstrating the emer-
gence (and deliberate creation) of a new achievement-based career at
Lloyds Bank in three broad cohorts whose careers began in
1890-1910, 1910-1925, and 1925-1934. More important, however,
the study demonstrates that the career experiences of cohorts cannot
be effectively inferred from instantaneous promotion rates. The
promotion-rates analysis implies that mobility was greatest at the
beginning and the end of the period investigated, but the OM analysis
of actual careers shows that the actual career expectations of the first
two cohorts had more in common with each other than either did with
the later cohort. The interaction of bank expansion, individual
choices, and career ladder structures produced individual life experi-
ences quite different from those that would be expected by simply
combining promotion chances with artificial cohort experiences.

Han and Moen’s (1999) analysis of 500 retirees found career trajec-
tory to be the most powerful independent predictor of retirement tim-
ing and expected retirement plans, as well as a-crucial mediating vari-
able for the effects of other independent variables such as gender.
Trajectories even seem to affect, although weakly, postretirement
employment, a variable otherwise unaffected by all the predictors
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investigated. Blair-Loy’s (1999) more detailed analysis of a small
sample (N = 56) of women currently in successful finance careers
revealed a clear differentiation among three cohorts of careers: careers
starting before 1969, careers starting from 1970 to 1973, and careers
starting after 1974. Blair-Loy also differentiated several types of
careers, from “corporate climbers” to “big fish in small ponds” to
“movers and shakers” and “entrepreneurs.” Erzberger and Prein
(1997) examined the work/family careers of 129 men and women and
discovered considerably more commonality across gender than they
had expected. A conspicuously elegant analysis by Giuffre (1999)
shows that photographers with particular trajectories in terms of net-
work location receive vastly different levels of media attention. Giuf-
fre turned to network theory for theoretical rationales, invoking both
structural holes and weak ties as sources for this very strong finding.*

These studies of careers demonstrate the utility of OM as an
exploratory strategy, finding types and patterns that can then be used
as dependent or independent variables in further analysis. Halpin and
Chan (1998) support OM as a general exploratory strategy. Moreover,
Stovel et al. (1996) make the important point that OM can uncover
regularities that although central to individuals’ lives are invisible in
most one-time aggregate measures. It is clear that to the extent that one
focuses on the life course, whether in itself as a site of experience or
for its effects on other social phenomena, OM is a useful, perhaps even
a central, technique.

We turn now to investigations of career-type patterns of larger
social structures. Abbott and DeViney’s (1992) analysis of the histori-
cal evolution of 18 welfare states characterizes them by whether they
possess in each year of their careers the five basic welfare programs:
workers’ compensation, unemployment insurance, old-age pensions,
national health insurance, and family allowances. The OM analysis
captures most of the variation in these sequences in a two-dimensional
scaling whose dimensions reflect, for the most part, variation in the
relative onset of health insurance and family allowances. A large bat-
tery of dependent variables—from “modernization” variables such as
levels of agricultural production to “demand” variables such as size of
socialist parliamentary delegation to “state-based” variables such as
taxation levels—predict very little of this variation. Abbott and
DeViney then turned to diffusion accounts for it, using classical
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spatial autocorrelation techniques but finding little diffusion effect.
Ultimately, they settled for a probabilistic model in which the program
adoption sequences emerge from random draws on pan-European
hazard rates for the various programs, suggesting a purely institution-
alist, common-origin account.

Stovel’s (1994) elegant analysis of lynchings in 395 southern U.S.
counties over 49 years contains a number of findings. First, Stovel
demonstrates that lynchings live in local memory; there are no strong
sequence patterns unless one allows each lynching to contribute to
county “lynching experience,” not only in the year in which it occurs
but also, up to a nonlinear decay, in subsequent years. Second, Stovel
explored the pulsing pattern characteristic of lynchings. Even the
most violent county does not have steady lynchings year in and year
out. Rather, there are pulses of various types. Characterizing pulses in
terms of intensity (numbers of lynchings), tempo (the length of one
lynching cycle), and duration (the total number of cycles observed),
Stovel found a number of fairly specific patterns. Most interesting, in
the detailed case of the 226 lynchings in the state of Georgia, Stovel
was able to show that the sequence patterns correspond very strongly
to lynch “scripts” uncovered independently by an earlier analyst
(Brundage 1993). Thus, the temporal pattern of lynchings over time is
tied to the type of lynching (terrorist, private, etc.) that tends to pre-
dominate, suggesting a larger pattern.

The Abbott-DeViney and Stovel analyses suggest that in the larger
context of transindividual actors, sequence patterns may be quite
complex. This may reflect the greater degree of contingency and aver-
aging that comes automatically with size, or it may reflect data con-
straints. But although the results here are tantalizing and interesting in
many ways, they do not possess the clarity of the individual career
studies.

The works on shorter patterns are quite diverse. Wuerker (1996)
analyzed the utilization histories of 49 “revolving door” mental
patients—patients admitted to a skid-row mental health center who
had at least 25 service episodes. (Wuerker used only the first 25 serv-
ice episodes; although sampled in one year, the patients often have
records going back several decades.) Wuerker found patterns that in
many ways reflect changes in availability of psychiatric services. She
sought points for intervention in psychiatric careers, noting that
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current intervention plans are based on long-term averages rather than
sequence patterns. Hence, patients who are heavy users of (expensive)
emergency services were targeted. But Wuerker was looking for, and
thought she may have found, clarity of the results in the individual
career studies.

Wilson’s (1998a, 1998b) exploratory analysis of the daily behavior
patterns of 30 Canadian women found clear patterns only when
durational information was omitted. Wilson attributed this fact to the
relatively short duration of anchoring events (cooking, eating, clean-
ing up) and their scatter throughout the day. In the “short-form” (no
duration) version of the records, the women separate distinctly into
“travelers” (whose activities involve much going about, whose eating
sequences are irregular, and who turn out to be members of more
complex households) and “nontravelers” (whose activities involve
fewer midday shopping trips and who are far more likely to live
alone). Wilson felt that this exploratory analysis could be improved
with more attention to the details of alignment.

Pentland et al. (1998) conducted an exploratory analysis of interac-
tions at a library reference desk (59 interactions), a PC lab (32 interac-
tions), and a travel agency (47 interactions). They aimed to expand tra-
ditional concepts of variety in the workplace by augmenting concepts
of task variety (variety of what can be done) with sequential variety
(variety in the order in which those things actually get done). Their
findings are strong. Sequential variety varied inversely with task vari-
ety. The librarians did many more things but tended to do them in a
fixed order. The travel agents had a narrow range of tasks (booking
hotels, rental cars, and air travel) but did the various subparts of those
tasks in a bewildering variety of orders, depending on the contingen-
cies that arose. The analysis thus directly challenged unidimensional
accounts of routinization in service work.

Sabherwal and Robey (1993, 1995) discussed the implementation
of information services development projects (N = 53), coded elabo-
rately from hundreds of student interviews with developers. The first
study established six basic types of projects. Two of these types were
somewhat rationalized: a “textbook” approach in which development
proceeds as the books say it should and a “minimalist” approach that is
textbook-like but lacks clear definition. Two were strongly externally
dependent: “outsourced” and “off the shelf”” Two were driven by
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performance problems: “problem-driven minimalist” and “in-house
trial and error.” In the second study, the same 53 projects were studied
slightly differently. Following a more traditional “variance” approach
to theorizing project development, the projects were clustered based
on profiles of rates of participation of certain crucial actors in them.
These new clusters (slightly different from those of the preceding arti-
cle) were then sequence analyzed in an effort to seek correspondence
between actor participation profiles and sequence patterns. The two
analyses seemed to overlay nicely, encouraging the authors to speak of
areconciliation of differences between the variance and process views
of development that they traced to theoretical work on innovation
from the early 1980s.

The Poole and Holmes (1995) study is part of a long series of stud-
ies on decision-making groups done by Poole with various colleagues.
The data here were 40 experimental groups whose interactions were
videotaped and coded using Poole’s elaborate “phase-mapping” sys-
tem. The study investigated the effect of group decision-making sup-
port systems—in this case a set of software for brainstorming—on
actual patterns of decision making. In this study, sequence was an
intervening variable between the experimental conditions (running
the software, using it “manually,” and using no such decision-making
support) and the outcomes (consensus change, perceived satisfaction
with decision making, and perceived decision quality). The main
result was that the experimental conditions had little effect on the out-
comes. Surprisingly, the decision paths—the sequences them-
selves—did turn out to have some effect, although it was not easily
accountable theoretically.

The impression conveyed by these diverse studies of short
sequence patterns is one of real possibility. These studies nearly all
have strong findings and nearly all find OM to be of great utility in
parsing out variation in sequence patterns. It is also important to note
that all of them look to traditions in which process theorizing has been
long standing: small-group analysis, time-budget studies, and innova-
tion process analysis. It is clear that the methods will experience wider
use in such venues.

The studies of cultural sequences are mostly by Abbott with vari-
ous collaborators. In the original study using OM in the social sci-
ences, Abbott and Forrest (1986) compared change over time in the
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sequence of figures in four folk dances in a Gloucestershire village,
aiming to test Cecil Sharp’s view of the constancy of dance traditions
within particular villages. The Sharp theory was strongly discon-
firmed. Later, Forrest and Abbott (1990) undertook an extensive reli-
ability analysis of the original study’s coding scheme but also added
an analysis of a celebrated set of versions of a Native American story,
the star husband tale (N = 67). The authors’ OM analysis replicated
almost perfectly Thompson’s ([1953] 1965) original laborious classi-
fication of the tales into groups, adding to that classification a transi-
tional group that Thompson had missed. Together, the two analyses
suggest strong reliability and validity levels for OM on divergent data
sets.

Abbott and Barman’s (1997) study, like Levitt and Nass’s (1989)
study of textbooks, concerned social science publishing. Abbott and
Barman studied 100 articles from the American Journal of Sociology
over a 70-year period to look for evidence of the increasing rhetorical
rigidity thought to characterize sociological articles. Evidence for that
increase is slight but definite. Surprisingly, there appears to have been
a transition from an earlier, somewhat rigid form to a later, somewhat
more rigid form via a period of real confusion about rhetorical pro-
prieties. In the subsequence portion of the paper, Abbott and Barman
uncovered a particular rhetorical gesture—the data-methods-analysis
subsequence—that does increasingly pervade sociological writing.

Finally, Levitt and Nass (1989) examined ordered lists of chapter
subjects in 45 textbooks in physics and sociology, seeking from OM
evidence of isomorphism in the topics and order of texts. Evidence is
overwhelming. Moreover, homogeneity is greater in physics than in
sociology, which Levitt and Nass regard as “less mature” and more
“preparadigmatic.” Interview data buttressed these conclusions.
Levitt and Nass took this as strong evidence that textbook publishing
was dominated by the institutionalists’ isornorphic processes rather
than by the “garbage can” decision making of earlier theorists.

In some ways, the cultural applications of OM have been the clear-
est of all OM work. They have produced interpretable, intuitive find-
ings. Although most of these have been classificatory, they have also
been used effectively to test changes in cultural sequences over time.
Given the number of cultural artifacts in which sequence plays a cru-
cial role, this area, too, seems ripe for exploration.
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10. ISSUES AND FUTURE DIRECTIONS

OM methods thus seem to have broad substantive application and a
certain degree of robustness. In this closing section, we discuss some
general issues and possibilities. By the standards of workaday socio-
logical methods, OM is decidedly heterodox, and it is useful to reca-
pitulate some of the points at issue between the OM approach and the
mainstream. In a commentary on this article, Wu (2000) notes the
striking contrast between its sober tone and Abbott’s (1995b) strong
claims in a review of the broader area of sequence analysis. In fact, this
contrast derives from the different levels at which the debate over
methods has been joined. At the most general level, OM reflects a drift
in social science toward thinking about social reality in terms of
“events in contexts” rather than “entities with variable attributes.” In
this drift it has much fellow flotsam: historical sociology, narrative
analysis in cultural sociology, game theory, network analysis, and
many others. We should not confuse the overarching debate between
the events and variables paradigms with the much more specific issue
of how OM relates to orthodox methods for cognate problems.’ Being
an active polemicist at the more general level (e.g., Abbott 1983, 1988,
1992, 1997a) should not disqualify one for actually trying to do what
the polemic promises. Indeed, it should rather oblige one to do so;
sociological theory is littered with unredeemed promises.

At the more immediate level of methods themselves, the orthodox
community has two real queries with regard to OM. The first of these
is simple: Why bother with OM, since “we already do this”? The sec-
ond is both more substantive and more worrisome: It concerns the
“unreality” of OM as a model for temporal analysis.

These two problems actually arise from a single difference. In the
most immediate sense, of course OM does things that orthodox meth-
ods cannot. It classifies sequences. But the orthodox reply is that OM
classification is based on arbitrary algebras and therefore is not scien-
tific, whereas orthodox classification—the classification that is
implicitly made when a set of sequences is shown to be not inconsis-
tent with a particular generating probability process—is based on a
model of the situation and thus is scientific. In that sense, orthodoxy
does classify sequences whereas OM only appears to.
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The argument applies to any application of OM to real-time
sequences. At issue is the “reality” of what OM does. In the early bio-
logical applications, as we have noted, the algebraic apparatus of
OM'’s dynamic programming echoed the physical processes of muta-
tion (substitution) and cleaving and insertion (indel) that actually hap-
pen during the physical replication of DNA and proteins. However,
some biological events—such as short swaps or transpositions—are
now widely ignored because of their computational intractability,
their effects being found via algorithms using more tractable elemen-
tary operations. Similarly, in social science, mutation and cleaving
make literal sense only in those applications studying sequences in
social or cultural space, not time. One can change the fourth element
of aritual or insert three different kinds of stores at the end of a strip
mall; these are mutations and insertions in linear sequences at a given
time. But in studies of careers, for example, the idea of “mutation” of a
particular element of a sequence seems odd; careers are generated
“from left to right,” in real time. It seems natural to think of them in the
durational methods framework, as the realizations of probability
processes generated moment by moment.

So the questions with regard to OM are, first, whether it is legiti-
mate to use a classification method that is not based on a probability
model of sequence generation and, second, why one would want to do
so if one could. The “whether” question is less problematic once we
reflect on scientific inquiry outside our own field. All sorts of sciences
have used and still use classification methods that are descriptive
rather than causal, methods that are based on arbitrarily chosen attri-
butes rather than causal mechanisms. Rather, it is the notion of
describing things by analyzing what causes them—of which Durk-
heim’s celebrated petitio principii at the beginning of Book II of Sui-
cide is so perfect an example—that is philosophically worrisome. The
only scientifically legitimate way to test hypotheses is to refer them to
a measuring of social reality that they do not themselves define. Only
purely descriptive methods can produce such a measuring, and there-
fore classification methods not based on probability models are cer-
tainly not prima facie illegitimate. The philosophical challenge is
more on the other side.

But of course that such methods are legitimate does not necessarily
mean we should bother with them. The more important question is
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why one would want to use OM when event history (EH) methods are
available. A number of reasons appear to be obvious. First, EH meth-
ods do not handle whole sequences of diverse events. They do all right
with one or two competing risks. They can combine two recurrent
processes into whole sequence models, as Lillard (1993) did for mar-
riage and childbearing. But EH methods really do not make any sense
for career trajectories or subpatterns involving dozens of types of jobs.
They might work for Stovel’s lynchings, but hardly for Blair-Loy’s
finance careers. So the first reason for doing OM is that it is pretty
good at a set of tasks that EH is pretty bad at.

Second, EH methods have their own burden of assumptions, a bur-
den that grows apace as we move away from the simple duration prob-
lem toward competing risks, muitiple outcomes, and repeated events.
The most important of these assumptions involves the independence
of observations, the foundation without which maximum likelihood
estimation becomes impossible. The obvious multiplex nonindepend-
ence that infects any durational structure is in practice handled by
arbitrary assumptions about errors. Thus, the image that EH models
are free of arbitrary assumptions whereas OM methods are plagued by
them s false. On the contrary, EH models routinely make assumptions
that seem heroic to those outside the orthodox community.’

Third, the idea that careers are generated by a probabilistic process
independent across individual units is itself only a hypothesis. When
we model reality with a hypothesis, we cannot find those aspects of
reality that are not specified in that hypothesis. By the nature of our
modeling, unforeseen things become the error against which we test
our own guesses about what is going on. To take the fertility example,
suppose that fertility is a function of how many of one’s friends are
having children—suppose one conceives a child if at least two of one’s
friends have done so in the past two years. In such a system, the net-
work structure of society will be by far the most important determi-
nant of individual fertility, yet this structure cannot be fully modeled
in an egocentric fashion, unit by unit.

The advantage of OM, in this context, is precisely that it makes no
assumptions about what produces sequence regularity. OM would
find this particular regularity because people in particular friendship
networks would turn up in groupings of similar fertility careers. Of
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course, the data requirements would be enormous and so on. But the
pointis a general one. By not making modeling assumptions, OM acts
as a true description. It finds things we might like to explain, and it
may well point the way toward explanation. Orthodox methods cannot
find what they have allocated to error ex hypothesi.

Given this, one obvious utility of OM in the context of orthodox
methods is its utility as a method of data reduction or data search. In
many social scientific data situations, most of the possible events that
could occur do not occur (see Abbott 1990a). The total state space has
large empty regions. When state spaces are empty, classification and
typology are a useful preliminary to analysis. An example is the typi-
cal EH-based analysis of the passage of this or that type of law across
the American states. The orthodox approach is to treat this sparse data
space as “really full.” One treats “state-years at risk” as independent
on the assumption that all the unmeasured historical continuities (i.e.,
events) that link up Massachusetts in 1909 with Massachusetts in
1910 can be handled by an error term for heterogeneity. This draco-
nian assumption allows one to treat 50 state histories as if they were
hundreds of individual cases of data. But it might very well turn out
that far from there being hundreds of “independent trials” of an
“instantaneous process” of compensation law passage, there are in
fact only three or four typical sequential patterns of passage for such
laws. This fact could not be found by the standard approach, but only
by OM or other whole sequence methods.

These various considerations suggest that OM analysis is both
legitimate and useful. At heart, the difference between OM and EH
lies in their stances toward data. To use the standard terms from the
philosophy of science, OM is about discovery whereas EH is about
justification. OM aims to find regular social phenomena to think
about. EH already presumes a fully formed model of society and
social causality and wants to test that model on data. (For more on that
general approach to explanation, see Abbott [1998].) The two views
have different intentions.

In closing, we would like to mention two important areas for future
development in OM work. One major area for development is valida-
tion. The various strategies developed so far do not add up to a com-
prehensive approach to validation. Although the OM literature would
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be assisted by more widespread use of standard approaches to cluster
validation, more than that is needed. Required are serious Monte
Carlo and perturbation analyses of OM applications to simulated data.
Only these will begin to give us a real feel for the underlying measure
issues involved in sequence analysis via OM. The issue of validation
raises more general questions about the probabilistic realities associ-
ated with OM and the consequent statistical behavior of matching dis-
tances under perturbations. These are subjects on which even the bio-
logical literature has been relatively quiet (e.g., see Vingron and
Waterman 1994).”

A second major area of interest is the application of OM to continu-
ous data, what Sankoff and Kruskal (1983) call “time-warping.” In
comparing several time series—for example, of wage changes in
industries—it might be that all of them have the same general shape
over time but that some go through parts of that shape faster than oth-
ers. Or it might be that there is a specific subseries that all of a set of
time series contain at some point within them. There are a variety of
possible sequence regularities in time series data (both unidimen-
sional and multidimensional) that could be discovered with warping
methods."

In summary, the current prospects of OM are reasonably good.
There is not yet any single, decisive application—one that completely
solves a major empirical question left untouched by standard method-
ology or that completely overthrows standard interpretations. But
there is a modest and growing record of applications, both in areas
widely studied by standard methods and outside them. More general
use of the methods will undoubtedly solidify this record and suggest
resolutions for current problem areas such as substitution costs.
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APPENDIX

A variety of software packages has been used in the literature. Most early work
(Abbott and Forrest 1986; Abbott and Hrycak 1990; Forrest and Abbott 1990; Abbott
and DeViney 1992; Poole and Holmes 1995; Sabherwal and Robey 1993, 1995) was
done with the Beldings Program Series, a set of VMS FORTRAN programs originally
written for CDC computers by David Bradley of Long Beach State University in the
mid 1970s. In the early 1990s, Abbott developed OPTIMIZE (written in C), a small
package for multiple alignment of small data sets (Carpenter 1996; Blair-Loy 1999).
It includes a module for visual inspection of alignments and is available on the Web.
Stovel’s SAS/IML program DISTANCE has been used by some working with larger
data sets (Stovel 1994; Stovel et al. 1996; Han and Moen 1999). Some have used stan-
dard biological packages, which include a larger variety of algorithms (e.g., algo-
rithms with affine gap costs, such as PILEUP [Chan 1995; Halpin and Chan 1998] and
CLUSTAL [Wilson 1998a, 1998b]). CLUSTALG, a social-science-friendly version
of CLUSTAL, has recently been developed by Andrew Harvey and others (contact
andrew.harvey @stmarys.ca). SEQUENCE, developed by Dijkstra (Dijkstra 1994;
Dijkstra and Taris 1995), implements a rather curious algorithm. (Its properties are
discussed in Abbott 1995a.) Goetz Rohwer has implemented an alignment program
as part of a suite of event history programs (TDA; contact rohwer@mpib-
berlin.mpg.de). The LEA Gibbs sampling algorithm for subsequences is available (in
compiled QuickBasic) from Abbott directly. At this point, then, the would-be user has
a considerable number of alternatives.

NOTES

1. Gusfield (1997) is a comprehensive computer science text on string matching. The book
has three sections. The first concerns the exact string matching problem, typically the template
problem of finding out whether a particular string matches part of some larger string or strings.
The second section concerns suffix trees, a preprocessing algorithm designed to speed large-
scale template problems for exact matching. Suffix trees in turn permit mismatching in com-
pared sequences, which leads to the book’s third main section, on inexact matching, alignment,
and dynamic programming. Multiple alignment problems are discussed throughout this section.
Social science applications have, to our knowledge, all employed dynamic programming. Gus-
field’s book contains an extraordinary variety of algorithms, which will greatly expand the social
science OM literature.

2. Because our main aim here is to review particular studies, we cannot examine the details of
OM algorithms. The standard texts are Sankoff and Kruskal (1983) and Gusfield (1997). Read-
ers who may wonder (as one reviewer did) “where are the equations” should note that the task
these algorithms carry out is not estimating parameters of equations but, rather, finding the mini-
mum cost procedure for turning one sequence into another subject to given cost constraints. This
is essentially a combinatoric task, solvable by recursive procedures discussed in the sources
given. It should also be noted that the issue of the “reality” of OM’s procedures—that is, the de-
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gree to which they are models rather than simple analytic procedures—is an important one. We
consider it in some detail in the final section.

3. Replacing element a in sequence 1 by element b to help change sequence 1 into sequence 2
adds a certain amount—set ahead of time—to the total cost of transformation. The matrix of
these replacement costs (always taken to be symmetric) is the replacement cost matrix and must
be set up before analysis. The gap cost scheme involves deciding the cost to be added for an inser-
tion or deletion. As noted, this must be scaled relative to the replacement costs, and may be set up
either as a single cost for each indel or as a fixed cost for any “gap” plus a penalty linear in the gap
length.

4. We omit from this review Modell’s (1997) brief exploratory use of OM in his study of pat-
terns of communion attendance. Modell actually ends up doing an enumerational analysis rather
than an OM one.

5. The drift toward events and contexts is even characteristic of the natural sciences, where
analytically derived methods are in many places challenged by algorithmic and stochastic ones.
Maximum likelihood estimation—the heart of orthodox methods for durational and sequence
data—looks like a simple piece of calculus on paper, but when computers get down to the work
of optimizing complex functions these days, they do not just calculate grad(l) and head downhill.
They use simulated annealing or other probabilistic structures to wander around the solution
space in a way that is much less systematic but ultimately much more certain. It is striking that
some of the major workers in duration models use Monte Carlo techniques extensively (e.g.,
Heckman and Walker 1990).

6. See Lillard (1993:193) for an example of these assumptions, for example, the strong and to
us unpersuasive assumptions about the identification of various independent factors shaping
conception. The issue of unobservables and their degree of serial correlation plagues all event
history (EH) models. (For more philosophical, as opposed to mathematical, assumptions of the
orthodox view, see Abbott [1988]; for EH in particular, see Abbott [1990a]. Abbott is recasting
certain of the arguments of the latter in a forthcoming study.) While the EH theory of the tempo-
rality of the social process is undoubtedly correct, the “deep past influence” argued in Abbott
(1990a:146-47) does exist because past structural phenomena (“large events”) encode them-
selves in existing social structure (where they have the practical effect of destroying intercase in-
dependence and producing linear dependence among predictor variables). Thus, the correctness
of the EH view of temporality—the world really is Markovian—does not allow EH to escape
from the impact of the deep past (see Abbott 1998). For equivalent arguments from the viewpoint
of an economist, see the essays in Shackle (1990).

7. The lack of serious perturbation analyses makes us less able to judge the stability and reli-
ability of the various analyses reported here than we otherwise would be. To provide a more
pointed judgment of the quality of these studies requires a clearer sense of what levels of stability
we should expect or require. It may well be, as noted earlier, that applications of OM should rou-
tinely include data on perturbation analysis of some sort. The measures reported in Forrest and
Abbott (1990) are examples, although they rest on actual multiple codings of the raw data rather
than on random perturbation.

8. In unpublished work, the senior author has found that standard algorithms do quite well in
distinguishing certain kinds of continuous data. In particular, if we create three sets of regression
lines originating at a single point, each set with its own slightly different slope, OM can distin-
guish the three sets even in the presence of quite strong random variation about the lines. With
sine curves and similar variation, however, OM does less well, although it has not yet been com-
bined with the obvious “operation” of phase shifting.
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