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Abstract

Five moments in the formation and functioning of complex adaptive systems are: (1) emergent regularities and patterns in the flow
of matter, energy, and/or information; (2) condensed schematic representations of these regularities enabling their identification;
(3) reproductively interchangeable variants of these representations serving as templates for new instances of the pattern; (4)
successful reproduction facilitated by the accuracy and reliability of the representations’ predictions of data flow regularities; and
(5) informational feedback that adaptively modifies and reorganizes representations to incorporate new variations in the data flow,
cycling back the first moment. These five moments are instantiated via stochastic models providing practical approaches to
representing and managing complex adaptive psychological and social systems in education, health care, human resource
management, etc. Local independence, unidimensionality, and statistical sufficiency criteria function as means of identifying,
evaluating, and deploying conceptual and social forms of life acting as evolving agents in defined ecological niches. Bringing these
agents into play systematically requires embodying them in technologies instrumental to making them readily recognizable and
sharable across ecosystem niches. Modeling research and practice promoting sustainable and self-organizing ecosystems of this
kind set the stage for redefining profit in terms of authentic wealth and value for life.
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1. Introduction

Living systems, from bacteria and viruses to plants, animals, and ecosystems to languages, societies, and
economies, are complex adaptive systems characterized by five moments in their self-organizing processes [1].
Locating these five moments within a domain of practice, such as educational assessment or survey research, begins
by tracing their embodiment through existing and proven research practices applying stochastic models of individual-
level measurement [2-6]. Following the lead of recent research in agent-based modeling, this complex adaptive
schema sets up a new practical art and science of instrument calibration and measurement that works from a bottom
up flow of information. Instead of imposing policy from the top down on the basis of centralized data analyses,
research and practice in a wide range of fields could perhaps more productively be provided media for their self-
organization from the ground up.

2. Stochastic models and the opportunities they present

A broad array of stochastic models of individual-level measurement [2-6] present new opportunities for practical
applications of agent-based models of complex adaptive systems [7-8] in designing, testing, and implementing
information infrastructure ecosystems [9]. The local independence criterion tested by stochastic measurement models
functions in effect as a way of identifying, evaluating, and deploying conceptual and social forms of life acting as
agents in defined ecological niches. Bringing these agents into play systematically requires embodying them in
technologies instrumental to making them readily recognizable, sharable, and habitually accessible. Such technologies
could include common languages, shared metrics, and assessment instruments calibrated to be traceable to standard
units of measurement, as shown in recent collaborations of metrology engineers and psychometricians [10-14].

Even when the methodological possibilities presented by adaptive instrument administration [15] and theory-
informed unit standards are appreciated [16], the challenges in education, for instance, encountered in efforts aimed
at bringing the world of varying curricula, pedagogies, assessments, and student abilities into a common framework
of this kind may make such a framework seem impossibly unworkable. Decades of practical application of Rasch’s
models, however, suggest that coherent frames of reference aligning within-student development comparisons across
students are feasible, viable, and desirable [17-21].

The phenomenon of noise-induced order [22], sometimes referred to as stochastic resonance [23], is a key
characteristic of complex systems. Galison [24, pp. 843-844] encounters this kind of complexity in his extensive study
of the material culture of microphysics, remarking on how the effectiveness of science stems from a kind of systematic
disunity. By analogy, Galison points out that engineers have learned the value of amorphous semiconductors and
laminated materials that fail microscopically but hold macroscopically when more homogenous materials collapse.
The cultural import of this work stems from the fact that the disunity of science’s communities of theoreticians,
experimentalists, and instrument makers is not a function restricted or located solely in the domain of specific fields.
It is, rather, fundamentally human in its incorporation of analogous linguistic and social complexities. Recognizing
the pervasiveness of these patterns may provide a context for innovation that education and other fields could do well
to emulate [25]. More fundamentally, the stochastic conception of error and uncertainty provides a basis for modeling
meaningful quantitative interval units of measurement for emergent self-organizing forms of life [26].

2.1. Five moments in complex adaptive system emergence and function

The conception, gestation, birthing, and nurturing of complex adaptive systems constitute a reproductive logic for
sociocultural traditions. Scientific traditions, in particular, form mature self-identities via a mutually implied subject-
object relation absorbed into the flow of a mathematical dialectic. Complex adaptive systems establish the
reproductive viability of their offspring and the coherence of an ecological web of meaningful relationships by means
of this dialectic. Taylor [1, pp. 166-168] describes the five moments in the formation and operation of complex
adaptive systems, which must be able:

e to identify regularities and patterns in the flow of matter, energy, and information (MEI, or data) in the
environment;
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e to produce condensed schematic representations of these regularities so they can be identified as the same if they
are repeated;

¢ to form reproductively interchangeable variants of these representations;

¢ tosucceed reproductively by means of the accuracy and reliability of the representations’ predictions of regularities
in the MEI data flow; and

o adaptively modify and reorganize representations by means of informational feedback from the environment.

All living systems, from bacteria and viruses to plants and animals to languages and cultures, are complex adaptive
systems characterized by these five features.

In the history of science, technologically-embodied measurement functions as a complex adaptive system
extending natural language’s support for model-based reasoning and distributed collective cognition [27-28]. Each of
Taylor’s five moments in the formation and operation of complex adaptive systems describes a capacity of
measurement systems, in that:

o data flow regularities are captured in initial, provisional instrument calibrations;

e condensed local schematic representations are formed when an instrument’s calibrations are anchored at repeatedly
observed, invariant values;

¢ interchangeable nonlocal versions of these invariances are created by means of instrument equating, item banking,
metrological networks, and selective, tailored, adaptive instrument administration;

e measures read off inaccurate and unreliable instruments will not support successful reproduction of the data flow
regularity, but accurate and reliable instruments calibrated in a shared common unit provide a reference standard
metric that enhances communication and reproduces the common voice and shared identity of the research
community; and

e consistently inconsistent anomalous observations provide feedback suggesting new possibilities for as yet
unrecognized data flow regularities that might be captured in new calibrations.

Measurement in the social sciences is in the process of extending this functionality into practical applications in
business, education, health care, government, and elsewhere. Over the course of the last 50 years, Rasch’s probabilistic
models for measurement research and practice have already iterated many times through these five moments.

2.2. Complex adaptive data flow regularities, schema, and compression

How? What does a “data flow regularity” look like? How is it condensed into a schematic and used to calibrate an
instrument? How are local schema combined together in a pattern used to recognize new instances of themselves?
More specifically, how might enterprise resource planning software (such as SAP, Oracle, or PeopleSoft)
simultaneously provide both the structure needed to support meaningful comparisons and the flexibility needed for
good fit with the dynamic complexity of adaptive and generative self-organizing systems? Prior work in this area
proposes a dual-core, loosely coupled organization using ERP software to build social and intellectual capital, instead
of using it as an IT solution addressing organizational inefficiencies [29]. The adaptive and generative functionality
provided by probabilistic measurement models [2-5,15-16] makes it possible to model intra- and inter-organizational
interoperability [30] at the same time it augments social and intellectual capital resources by bringing them to life
socially and economically [31].

Fig. 1 (a) shows a sample data matrix of 24 columns by 40 rows. The individual observations are responses
to questions (the columns) on a survey given by participants in a research study (the rows). These data are a small
subset extracted randomly (without replacement) from a much larger data set involving hundreds of items and
thousands of survey respondents. The larger data set was analyzed using the Winsteps Rasch measurement software
[32] to calibrate an instrument measuring the quality of services in special education [33].

The individual responses shown in Fig. 1 are ordered so that the person with the highest measure and the highest
probability of responding in the highest category (3) across all of the items is at the top. The person with the lowest
measure and the lowest probability of responding in the highest category on any item is at the bottom. The survey
item that is easiest to agree with and that garners the most responses of 3 ratings, is in the far left column, and the one
that is hardest to agree with is on the far right.
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To illustrate the consistency of the stochastic pattern in the data, responses of 3 are colored red, responses of 2 are

black, and responses of 1 are blue. This pattern may not look like much to those unfamiliar with data of this kind
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Fig. 1. Three samples of respondents (rows) answering the same questions (columns): (a) first subset; (b) second subset; (c) third subset.

evaluated in the context of probabilistic measurement theory, its capacity to take missing data into account, and the
role of error ranges and confidence intervals in interpreting measures. It may seem as though this pattern is an accident
that occurred once, never to appear again. As Taylor warns, the system has to be able to avoid the errors of mistaking
order for randomness, and vice versa.

And so the question arises: to what extent is this pattern repeated across other samples from the larger data set?
Fig. 1 (a), (b), and (c) show the same items (columns) in the same order, but with entirely different random samples
of respondents (rows), as can be seen from the different entry order sequence numbers at the far left in each figure.

The repetition of the same pattern across three different samples of survey respondents is evidence supporting the
inference that the regularity identified in the first data set has been reproduced twice more. Any single set of one
person's responses to the questions asked might seem completely random, but repeated posing of the questions to even
a small sample of 40 people gave rise to the consistent pattern found in Fig. 1 (a), (b) and (c). These redundancies in
the flow of experience in this domain condense in this way into a general schematic with their repetition in further
experience with the questions in responses from two more samples of respondents. Plainly, the order is not random,
and the randomness within the order is evaluated in terms of reliability and model fit in routine analyses implementing
Rasch’s models for measurement.
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The same thing happens when the rows are held constant, and the columns are varied. In other words, the constancy
of the pattern observed when different people answer the same questions is also found when the same people answer
different questions. And so, as shown in Fig. 2, it also happens that the same patterns are also reproduced across
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Fig. 2. Three samples of different respondents answering different items

different samples of survey respondents answering entirely different sets of questions (all of which are carefully
composed, piloted, and calibrated into a bank of items repeatedly demonstrated as measuring the same thing).

The data shown in Fig. 2 were extracted from the same larger data set of over 2,500 cases and 78 items as the data
shown in Fig. 1. The total data set's measurement reliabilities ranged from 0.94 to 0.97. Copying the entire file three
times, and then removing different rows and columns from each of the three different subsamples, as shown in Fig. 2,
conveys the point in concrete terms that there is a real construct here that asserts itself as an independent entity that
separates from the local contingencies of its origin. Different sets of items can measure the same thing across different
samples of people in the same unit.

3. Formally stating the model

The relevant Rasch model for this kind of rating scale data [34-35] is:

]Og & = ﬂ.rr - (5" + r“} (l)
FL nifa-1)

where the log is base e and the rest of the left side of the equation is the probability © of person n being observed

responding to item / in category x-/ relative to category x. This specification of the log-odds structure required in the
data is evaluated relative to the difference between the ability B of person n and the combined difficulties 6 and t of

150
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Aa0 0 1] 4 [=71) S 7 G20
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Fig. 3. Sample 1 (a) calibrations vs overall bank calibrations from total sample of over 2,500 cases
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item i and category x. When the observed scores function as sufficient statistics [3], the data approximate this model,
and the parameters are separable, in the sense that item calibrations are independent of the person measures, and vice
versa.

The three data sets in Fig. 1 were each fit to the same Rasch model using the Winsteps software [32]. Two of the
24 items had only 3-12 responses each, far fewer than the 30 that have been shown typically sufficient for reproducing
difficulty order schemas [36]. The other 22 items have an average of 40 responses each across the three data sets. The
logit difficulty estimates for these items correlate .82, .88, and .90; the correlations are 1.00 after disattenuation [37].
The three subsample sets of calibrations correlate .88, .90, and .91 with the calibrations from the total sample of over
2,500 cases; again, the correlations are 1.00 after disattenuation.

Furthermore, the calibrations do not simply stay in the same order across samples, they retain the same unit size;
i.e., they are invariantly positioned relative to one another, within the range of error. Fig. 3 shows the scatter plot of
the Fig. 1 (a) calibrations vs the overall item bank calibration anchors. The confidence intervals are fairly wide, as is
expected given the error and reliabilities obtained with Sample 1's per-item sample sizes of about 40. The confidence
intervals become progressively narrower as sample size and reliability increase [38].

Taking up Taylor's [1, pp. 166-168] language again, the regularity in the flux of data identified in Fig.1 and Fig. 2
suggests the form of a schema (Fig. 4) that will enable the system to recognize the pattern if it is encountered again.
The second moment in complex adaptive functionality is obtained when the data are compressed via an algorithm that
enables the system to recognize the pattern again, and unfold its details efficiently. The more reducible the data are,
the greater the efficiency obtained in the system's functioning. Compression is arguably most efficient when a data
reduction algorithm is able to make use of sufficient statistics. Rasch models, for which raw scores are minimally
sufficient statistics (both necessary and sufficient) [3], enable information processing that not only filters noise, but
capitalizes on the information in it, and so appears to create order from chaos.

Thus the chaos may be more mere appearance than actual pure noise. At this point in his description of the five
features of complex adaptive systems, Taylor [1, p. 166] notes that “the schemata or algorithms in complex adaptive
systems are emergent and can change,” and so, he suggests, they cannot be preprogrammed or fixed. But the
appearance of change may be one thing when viewed in the absolute terms of concrete facts and events (Figs. 1-2),
and another thing when viewed stochastically in terms of log-odds units bound by uncertainty. Adaptive, emergent,
and changeable algorithms are routinely preprogrammed and fixed, as is suggested by the nature of the patterns shown
in Fig. 1-3. This speaks to the more important, superceding point raised by Taylor [1, p. 167] that complex adaptive
systems, operating as they do by processing information, require the filtering of noise, and the capacity to create order
from it. Adaptation may well and often require changes to the concrete terms of the actual information processed, but
that concrete observation model may nonetheless fit well within the parameters of the overarching abstract idealized
model. The same compression scheme may then still serve as an effective strategy in conserving memory resources.
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Fig. 4. The modeled pattern expected from the data in Fig. 1 and Fig. 2
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Given the wide range of Rasch model applications over the last 30 years and more, patterns like this seem to be
pervasive across the domains of education, health care, human resources, social services, natural resource
management, etc. Given that test, survey, and assessment data organize themselves in these kinds of repeatable and
reproducible patterns, significant opportunities present themselves for constructing and capitalizing on the efficiencies
to be gained from capitalizing on the predictability of the compression schemes. But few are looking for these patterns,
and those who are do not seem to realize their importance, or don't know how to tell their story.

4. Discussion

The coherence with which things speak to us across data sets does not, of course, happen by itself. Questions have
to be framed properly. Their composition and phrasing has to be informed by a theory of what counts as less and more
of the thing to be measured [5-6]. The preparation of a medium in which a self-organizing conceptual entity like a
measured construct can manifest itself is akin to laboratory work in which a micro-environment for a form of life is
created. What we do, in effect, is pose questions to people likely to be caught up in the play of the intended construct's
language game. In the back and forth of the question and answer process, everyone involved participates so far as they
are able in the construct's self-representative activity. The thing itself then is able to write its story on the abstract
conceptual medium provided to it, acting through the participants in the dialogue.

The point of calibrating instruments using Rasch models is to test the hypothesis that this kind of regularity exists
and will repeat itself in patterns of data across samples of persons and items. These invariances of the persons over
the items and the items over the persons are what Rasch was referring to when, referring to a model for measuring
reading ability, he wrote

On the basis of [one of the equalities implied in Rasch’s model] we may estimate the item parameters independently

of the personal parameters, the latter having been replaced by something observable, namely, by the individual

total number of correct answers. Furthermore, on the basis of [the next equation] we may estimate the personal
parameters without knowing the item parameters which have been replaced by the total number of correct answers
per item. Finally, [the third equation] allows for checks on the model [another equation] which are independent of

all the parameters, relying only on the observations" [39, p. 325; 2, p. 122].

Fig. 1 illustrates Rasch's first sentence here, in that they show that the same data pattern forming across samples for a
group of items. Because the pattern stays the same across the observed responses, we can estimate the calibration
parameters with no concern for the particular persons measured. Then, because the pattern in the data stays the same
across groups of items for a given sample of people, we can estimate measures for them without knowing what the
item parameters are. Finally, as is illustrated in Fig. 4, we can evaluate the clarity of our thinking, and the model, by
examining the observations alone, apart from any concern with the particulars of who answered the questions or which
questions were asked.

5. Practical implications

The stability of item calibrations across samples, and of measures across item samples, has supported the
emergence of a testing industry that capitalizes on the repeatable confirmation of predictable data patterns. Study of
these kinds of patterns leads to opportunities for

e  Unit standards [10-14]
e  All instruments measuring same construct are equated to common metrics
e  Measures interpretable within students over time, and across students, classrooms, schools, etc.
e Data never fit the model but this may not detract from pragmatic utility [2]
e  Major goal is to reveal actionable anomalies [31, 40]
e Kidmaps inform clinical and instructional planning [41-44]
e  Mass customization [15]
e [tems individually tailored to respondents’ needs
e  All measures expressed in single common metric
e Data quality assessment [40]
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e Internal consistency evaluation
e Goes beyond checking codes
e Data volume reduction [3]
¢ One interval measure per person, unit, division, facility
o Instead of multiple ordinal numbers for each per item
e  Meaningful measures [5,6,45]
e A substantial thing measured that adds up the way the numbers do
e Not numbers that vary in meaning relative to irrelevant factors
e Fairer measures [46]
e Data from judges rating performances are evaluated for internal consistency
o Individual measures are adjusted across raters, creating a level playing field
e Instructionally-embedded assessments for learning
e Formative assessments that maximize learning outcomes [47]
e Informational coherence across multilevel discontinuities [9, 17-21]

Efforts to date to apply agent-based models in evaluation or education research [48] tend to overlook basic
measurement principles. Conversely, research on environmental education and on educational environments informed
by advanced measurement models [49-50] neglects opportunities for modeling and measuring ecosystem dynamics in
actionable ways capable of informing policy and local decision processes. It then happens that individual-level
measurement models of environmental attitudes and behaviors [51] map substantively and scientifically meaningful
units of measurement, but focus on cross-sectional, local, single-level and static slices in time. At the same time,
individual-level modeling in the context of complex adaptive systems and ecologies [7-8,48], in contrast, focuses on
dynamically evolving interactions but fails to capitalize on relevant distinctions between statistical and scientific
approaches to data, theory, and instruments [52]. There is a great need for this work to leverage recent and
longstanding advances in the scientific quality of individual-level measurement in psychology and the social sciences
[2-6,10-21,25-26,31-36,38-46,52-58] offering inferentially separable model parameters, minimally sufficient statistics
in estimation, theory-informed instrument design, and experimental tests of the hypothesis of an additive unit.

Agent-based models [7-8] should be integrated with advanced multi-unidimensional, multifaceted, multilevel, and
growth variations on stochastic measurement models and methods [44,53-58]. These features of precision
measurement could be implemented as decision supports in broad social ecologies composed of networks of various
stakeholders pursuing separate but related interests in different facets of ostensibly the same boundary objects.
Partially harmonized and partially dissonant individual behavior analogues could then be coordinated across
stakeholder groups [31] relative to metrological standards [10-14] in generative research and practice more likely to
giverise to viral wisdom of crowds phenomena than currently available methods allow. This kind of modeling research
will be useful in promoting sustainable and self-organizing ecosystems of human, social, and natural capital in
economies redefining profit in terms of authentic wealth and value for life [59-60]. The interrelations of science and
the economy [61] are such that the capacity to scientifically measure meaningful amounts in a distributed cognitive
system enables the commercial exchange of value. As social and economic flows of complex adaptive functionality
in education, health care, social services, etc. are better understood, a new science of self-organizing living systems
will bring psychology and the social sciences together with the natural sciences [62-64]. Though the challenges are
huge, the consequences for shifting the culture away from crass commercialism toward the production of authentic
wealth and the end of inflationary spirals in education, government, and health care may be profound [10,31].
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