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Abstract

This study uses hidden Markov models (HMM) to forecast conflict in the former Y ugoslaviafor
the period January 1991 through January 1999. The political and military events reported in the
lead sentences of Reuters news service stories were coded into the World Events Interaction Survey
(WEIS) event data scheme. The forecasting scheme involved randomly selecting eight 100-event
"templates’ taken at a 1-, 3- or 6-month forecasting lag for high-conflict and low-conflict weeks. A
separate HMM s devel oped for the high-conflict-week sequences and the low-conflict-week
sequences. Forecasting is done by determining whether a sequence of observed eventsfit the high-
conflict or low-conflict model with higher probability.

Models were selected to maximize the difference between correct and incorrect predictions,
evaluated by week. Three weighting schemes were used: unweighted (U), penalize fal se positives
(P) and penalize false negatives (N). Thereisareatively high level of convergence in the
estimates—the best and worst models of a given type vary in accuracy by only about 15% to 20%.

In full-sample tests, the U and P models produce at overall accuracy of around 80%. However,
these models correctly forecast only about 25% of the high-conflict weeks, although about 60% of
the cases where a high-conflict week has been forecast turn out to have high conflict. In contrast,
the N model has an overall accuracy of only about 50% in full-sample tests, but it correctly
forecasts high-conflict weeks with 85% accuracy in the 3- and 6-month horizon and 92% accuracy
in the 1-month horizon. However, thisis achieved by excessive predictions of high-conflict weeks:
only about 30% of the cases where a high-conflict week has been forecast are high-conflict.
Models that use templates from only the previous year usually do about as well as models based on
the entire sample.

The models are remarkably insensitive to the length of the forecasting horizon—the drop-off in
accuracy at longer forecasting horizonsis very small, typically around 2%-4%. Thereisalso no
clear differencein the estimated coefficients for the 1-month and 6-month models. An extensive
analysis was done of the coefficient estimates in the full-sample model to determine what the model
was "looking at" in order to make predictions. While a number of statistically significant
differences exist between the high and low conflict models, these do not fall into any neat patterns.
Thisis probably due to acombination of the large number of parameters being estimated, the
multiple local maximain the estimation surface, and the complications introduced by the presence
of anumber of very low probability event categories. Some experiments with smplified models
indicate that it is possible to use models with substantially fewer parameters without markedly
decreasing the accuracy of the predictions; in fact predictions of the high conflict periods actually
increase in accuracy quite substantially.
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The Sequence Recognition Approach to Political

Forecasting

Event sequences are a key element in human reasoning about international events. Human
analysts "understand” an international Situation when they recognize sequences of political activity
corresponding to those observed in the past. Empirical and anecdotal evidence point to the
likelihood that humans have available in long-term associative memory a set of "templates’ for
common sequences of actions that can occur in the international system (and in socia situations
generaly). When part of a sequenceis matched, the analyst predicts that the remainder of the
sequence will be carried out ceteris paribus, though often the analyst will make a prediction for the
express purpose of insuring that the remainder of the sequence is not carried out. Sequences can
be successfully matched by human analysts in the presence of noise and incomplete information,
and can also be used to infer events that are not directly observed but which are necessary
prerequisites for events that have been observed.

The use of analogy or "precedent-based reasoning” has been advocated as a key cognitive
mechanism in the analysis of international politics by Alker (1987), Mefford (1985, 1991) and
others, and is substantialy different from the statistical, dynamic and rational choice paradigms that
characterize most contemporary quantitative models of international behavior. Khong (1992) and
Vertzberger (1990) review the general arguments in the cognitive psychology literature on use of
analogy in political reasoning; May (1973) and Neustadt and May (1986) discussit from amore
pragmatic and policy-oriented perspective. AsKhong observes:

Simply stated, ... analogies are cognitive devices that "help" policymakers perform six
diagnostic tasks central to political decision-making. Anaogies (1) help define the nature of
the situation confronting the policymaker; (2) help assess the stakes, and (3) provide
prescriptions. They help evaluate alternative options by (4) predicting their chances of success,
(5) evaluating their moral rightness and (6) warning about the dangers associated with options.

(pg. 10)

The ubiquity of analogical reasoning is supported by a plethora of experimenta studiesin
cognitive psychology in addition to the case studies from the foreign policy literature.

Analogical reasoning is an easy task for the human brain, one that is substantially easier than
sequential or deductivereasoning. Most experimental evidence suggests that human memory is
organized so that when oneitem isrecalled, this naturaly activates links to other items that have
featuresin common, and these are more likely to be recalled as well (Anderson 1983; Kohonen
1984).
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Because analogies are so prevalent in human political reasoning, it would be helpful to have
some computational method for systematically ng the similarity of two sequences of
political events. In Schrodt (1991), | posed this problem in the following manner:

In human pattern recognition, we have ageneral idea of what a category of event sequences
look like—the archetypal war, the archetypal coup, and so forth. In a sense, ideal sequences
are the centroid of a cluster of sequences, but that centroid is a sequence rather than apoint. If
amethod could be found for constructing such a sequence, the cluster of behaviors could be
represented by the single ideal sequence, which would substantially reduce computing time and
provide some theoretical insights as to the distinguishing characteristics of a cluster. (pg. 186)

The problem of generalizing sequencesis particularly salient to the analysis of international
political behavior in the late 20th century because many contemporary Situations do not have exact
historical analogs. Y et human analysts are clearly capable of making analogies based on some
characteristics of those behaviors. For example, because of its unusua historica circumstances,
Zairein 1997 had a number of unique characteristics, but nonethel ess analysts pieced together
sufficient similarities between Zaire and avariety of earlier crisesin Africaand elsewhere to come
to the correct conclusion that Zaire had entered a period of rapid political change. The key to this
was the ability to use general analogies: if one insisted on matching all of the features of a
case—which a human analyst would amost never do, but a computer might—then the Zairian
situation would be nearly impossible to classify using analogies.

Techniques for comparing two sequences of discrete events—nominal-level variables occurring
over time—are poorly developed compared to the huge literature involving the study of interval-
level time series. Nonetheless, several methods are available, and the problem has received
considerable attention in the past three decades because it isimportant in the problems of studying
genetic sequencesin DNA, and computer applications in involving human speech recognition.
Both of these problems have potentially large economic payoffs, which tendsto correlate with the
expenditure of research efforts. Until fairly recently, one of the most common techniques was the
Levenshtein metric (see Kruskal 1983; Sankoff & Kruskall 1983); Schrodt (1991) usesthisin a
study of the BCOW crises. Other non-linear methods such as neural networks, genetic
algorithms, and locating common subsets within the sequences (Bennett & Schrodt 1987; Schroadt
1990) have also been used.

Hidden Markov models

Over the past decade the hidden Markov model (HMM) has emerged as one of the most
widely used techniques for the classification of noisy sequences into a set of discrete categories
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(or, equivaently, computing the probability that a given sequence was generated by a known
general model).sequence comparison method. While the most common applications of HMMs
are found in speech recognition and comparing protein sequences, a recent search of the World
Wide Web found applications in fields as divergent as modeling the control of cellular phone
networks, computer recognition of American Sign Language and—inevitably—the timing of
trading in financial markets. The purpose of this project isto apply thistechnique to the problem
of forecasting conflict in the former Yugodavia

A sequenceis"noisy" when it contains missing, erroneous and extraneous elements, and
conseguently the sequence cannot be classified by simply matching it to a set of known "correct”
sequences. A spelling program, for example, would always mark "wan" as an incorrect spelling of
"one" because written English usually allows one and only one correct spelling of aword. Spoken
English, in contrast, allows awide variation of pronunciations, and in some regiond diaects, "wan" is
the most common pronunciation of "one". A computer program attempting to decipher spoken
English needsto provide for avariety of different ways that aword might be pronounced, whereas a
spelling checker needs only to know one.

An HMM isavariation on the well-known Markov chain model, one of the most widely
studied stochastic models of discrete events (Bartholomew 1975). The standard reference on
HMMsis Rabiner (1989), which contains a thorough discussion of the estimation techniques used
with the models as well as setting forth a standard notation that isused in virtualy all
contemporary articles on the subject. Like aconventional Markov chain, aHMM consists of a set
of n discrete states and an n x n matrix [A] = {g;j} of transition probabilities for going between
those states. 1n addition, however, every state has a vector of observed symbol probabilities that
combine into asecond matrix [B] = {bj(k)} corresponding to the probability that the system will
produce a symbol of typek whenitisin statej. The states of the HMM cannot be directly
observed and can only beinferred from the observed symbols, hence the adjective "hidden”. This
isin contrast to most applications of Markov modelsin international politics where the states
correspond directly to observable behaviors (see Schrodt 1985 for areview)

While HMMs can have any type of transition matrix, the model that | will focuson in this
chapter is caled a"left-right model” because it imposes the congtraint that the system can only
remain in its current state or move to the next state. The transition matrix is therefore of the form

1141 O .. 0 =
a2 l-a .. 0 0
(; 0O O a3 .. 0 —_

€0 0 0 .lawnm@
0 0 0 .. 1
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and the individual elements of the model look like thosein Figure 1. Thismodel iswidely usedin
speech recognition because parts of aword may be spoken slowly or quickly but in normal speech
the ordering of those partsis never modified.

Figure 1. An element of a left-right-left hidden Markov model

Recurrence a.
probability O

aji1 i1
Transition State
probabilities < i
Symbol
probability bi’%/)i(l)\:(m)
Observed 00 01 eee m
symbol

A series of these individua elementsform an HMM such as the 5-state model illustrated in Figure
2. Thisillustrates a*“left-right-left” model, where a process can make atransition to the previous
state, the next state, or remain in the same state.!

In empirical applications, the transition matrix and symbol probabilities of an HMM are
estimated using an iterative technique called the Baum-Welch algorithm. This procedure takes a
set of observed sequences (for example the word "seven” as pronounced by twenty different
speakers, or aset of dyadic interactions from the BCOW crisis set) and finds coefficients for the
matrices[A] and [B] that locally maximize the probability of observing those sequences. The
Baum-Welch agorithm is a nonlinear numerical technique and Rabiner (1989:265) notes "the
algorithm leads to alocal maxima only and, in most problems of interest, the optimization surface
isvery complex and has many local maxima."

1 Thisis ageneralization of the “left-right” model commonly used in speech recognition, where transitions are only
allowed to the next state. In aleft-right model, the final state of the chain is an "absorbing state” that has no
exit probability and recurs with a probability of 1.
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Figure 2. A left-right-left (LRL) hidden Markov Model
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Because the Baum-Welch agorithm is an expectation-maximization method, it should, in
theory, be possible to use the standard tools of maximum likelihood methods to compute
asymptotic estimates of the standard errors of the estimates of the parametersin the[A] and [B]
matrices, as well as comparing different models using likelihood ratios. In practice, however, this
does not seem to be done, at least in the literature I've surveyed. The reason for this seemsto be
related to the local solutions provided by the Baum-Welch algorithm. Asillustrated in the
experiments below, the variance of the parameter estimates found in these local solutionsisvery
large, although avariety of differing parameters appear to yield roughly similar estimates for the
joint probability of the sequences.

After aset of models has been estimated, that set can be used to classify an unknown sequence
by computing the maximum probability that each of the models generated the observed sequence.
Thisis done using an algorithm that requires on the order of N2T calculations, where N isthe
number of statesin the model and T isthe length of the sequence. Once the probability of the
sequence matching each of the modelsis known, the model with the highest probability is chosen as
that which best represents the sequence. Matching a sequence of symbols such as those found in
daily data on a six-month crisis coded with using the 22-category World Events Interaction Survey
scheme (WEIS; McClelland 1976), generates probabilities on the order of 10-(T+1): Assume that
each state has ten associated WEIS categories that are equally probable: b;(k)=0.10. Leaving aside
the transition probabilities, each additional symbol will reduce the probability of the complete
sequence by afactor of 10-1. The transition probabilities, and the fact that the WEIS codes are not
equiprobable, further reduce this probability. These sequence probabilities are consequently
extremely small, even if the sequence was in fact generated by one of the models, but the only
important comparison is the relative fit of the various models. The measure of fit usually reported is
the log of the probability; this statistic islabeled a (alpha).

(An insurmountabl e disadvantage of this computation is that one cannot meaningfully compare
the fit of two sequences to asingle HMM unless the sequences are equal in length. In other words,



Schrodt: Forecasting Conflict Page 6

it is possible to compare a sequence to a series of models, but one cannot compare several arbitrary
sequences to a single model.)

For example, in atypica speech-recognition application such as the recognition of bank
account numbers, a system would have HMMs for the numerals "zero" through "nine". When a
speaker pronounces asingle digit, the system converts thisinto a set of discrete sound categories
(typically based on frequency), then computes the probability of that sequence being generated by
each of the ten HMMs corresponding to the ten digits. The HMM that has the highest
probability—for example the HMM corresponding to the numera "three'—qgives the best estimate
of the number that was spoken.

The application of the HMM to the problem of generalizing the characteristics of international
event sequencesis straightforward. The symbol set consists of the event codes taken from an
event data set such as WEIS. The states of the model are unobserved, but have a close theoretical
analog in the concept of crisis "phase" that has been explicitly coded in data sets such asthe
Butterworth international dispute resolution data set (Butterworth 1976), CASCON (Bloomfield &
Moulton 1989, 1997) and SHERFACS (Sherman & Neack 1993), and in work on preventive
diplomacy such as Lund (1996). For example, Lund (1996:38-39) outlines a series of crisis
phases ranging from "durable peace” to "war" and emphasizes the importance of an "unstable
peace’ phase. Inthe HMM, these different phases would be distinguished by different
distributions of observed WEIS events found in the estimated b; vectors. A "stable peace” would
have a preponderance of cooperative eventsin the WEIS 01-10 range; the escalation phase of the
crisiswould be characterized by eventsin the 11-17 range (accusations, protests, denias, and
threats), and a phase of active hogtilities would show eventsin the 18-22 range. The length of time
that acrisis spendsin aparticular phase would be proportional to the magnitude of the recurrence
probability &j.

The HMM has several advantages over alternative models for sequence comparison. First, if
N<<M, the structure of the model isrelatively simple. For example aleft-right model with N states
and M symbols has 2(N-1) + N*M parameters compared to the M(M+2) parameters of a
Levenshtein metric. HMMs can be estimated very quickly, in contrast to neural networks and
genetic algorithms. While the resulting matrices are only alocal solution—thereis no guarantee
that amatrix computed by the Baum-Welch algorithm from a different random starting point might
be quite different—local maximization is also true of most other techniques for analyzing
sequences. Furthermore, the computational efficiency of the Baum-Welch agorithm allows
estimates to be made from a number of different starting points. The HMM model, being
stochastic rather than deterministic, is specifically designed to deal with noisy input and with
indeterminate time; both of these are present in international event sequences.
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HMMs are trained by example—model that characterizes a set of sequences can be
constructed without reference to the underlying rules used to code those sequences. This provides
aclose paralle to the method by which human analysts generdize sequences. They typicaly learn
genera characteristics from a set of archetypal cases.

HMMs do not require the use of interval-level scales such as those proposed by Azar and
Sloan (1975) or Goldstein (1992). These scales, while of considerable utility, assign weights to
individual eventsin isolation and make no distinction, for example, between an accusation that
follows aviolent event and an accusation during ameeting. The HMM, in contrast, uses only the
original, disaggregated events and models the context of events by using different symbol
observation probabilitiesin different states. An event that has alow probability within a particular
context (that is, aspecific hidden state) lowers the overall probability of the model generating the
sequence. |n aggregative scaling methods, events have the same weight in al contexts.

While most existing work with event data aggregates by months or even years, the HMM
requires no temporal aggregation. Thisis particularly important for early warning problems, where
critical periodsin the development of a crisis may occur over aweek or even aday. The HMM is
relatively insensitive to the delineation of the start of a sequence. It issimpleto prefix an HMM
with aninitial "background” state that reflects the distribution of events generated by a particular
source (e.g. ReuterssWEIS) when no crisisis occurring. A model can smply cyclein this state
until something important happens and the chain movesinto the later states characteristic of crisis
behavior.

Thereisaclear interpretation to each of the parameters of the [A] and [B] matrices, which
allows them to be interpreted substantively; this contrasts with techniques such as neural networks
that have avery diffuse parameter structure. More generaly, the fit of the model has afamiliar
probabilistic interpretation. Finally—and not insignificantly—the HMM technique has already
been developed and is an active research topic in anumber of different fields. The breadth of those
applications indicates that the method is relatively robust. Whilethereisaways adanger in
applying the technique du jour to whatever data on political behavior happen to be laying around,
the HMM appears unusually well suited to the problems of generalizing and classifying
internationa event data sequences.

Data and Forecasting Model

Data

The event data used in this study were machine-coded using the 2-digit (22 category) WEIS
system from the lead sentences in Reuters stories obtained from the NEXIS data service for the
period January 1991 through May 1997 and the Reuters Business Briefing service for June 1997
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through January 1999. These reports were coded using the Kansas Event Data System (KEDS)
automated event data coding program (Gerner et a. 1994; Schrodt, Davis & Weddle 1994).

The KEDS coder does some simple linguistic parsing of the news reports—for instance, it
identifies the political actors, recognizes compound nouns and compound verb phrases, and
determines the references of pronouns—and then employs alarge set of verb patternsto determine
the appropriate event code. Only the lead sentences were coded and a sentence was not coded if it
contained six or more verbs or no actor was found prior to the verb (sentences meeting these
criteria have a greater-than-average likelihood of being incorrectly coded by KEDS). Schrodt &
Gerner (1994), Huxtable & Pevehouse (1996) and Bond et al. (1996) discuss extensively the
reliability and validity of event data generated using Reuters and KEDS. A 00 nonevent was added
for each day in which no events were recorded in either direction in the dyad. Multiple events
occurring in the same day are kept in the sequence. While the WA C coding dictionaries sub-
divide the various geographical-ethnic groups in the Balkans—for example separately coding
Bosnian Serbs—these actors were combined into four primary ethnic groups—Serbs, Croats,
Bosnians, and Kosovars—for the purpose of the analysis.

Because Reuters was intensely covering this region during most of the period analyzed, only
lead sentences were coded. The KEDS program is capable of coding full stories and has been
tested in that capacity (see Schrodt and Gerner 1998), but we have found that full-story coding
gives additional information only when marginal actors are involved, or when an areareceives only
sporatic coverage (for example West Africa; see Huxtable 1997). Neither condition appliesto the
Bakans: significant eventsin the conflict ailmost inevitably received coverage in separate stories
(i.e. inlead sentences), and in many cases, a single event would generate multiple stories.

Full-story coding would primarily serve to insert alarge number of high-frequency verbal
events ("comment" and "consult") into the sequences, and because the HMM models use
templates that contain afixed number of events (thisis necessitated by the HMM approach), the
effect of full-story coding would be to reduce the amount of information in any given sequence.?
By using lead-sentence coding, we insure that the sequences contain the most important events
(subject, as always, to the judgements of Reuters reporters and editors.)

2 That is, reduce the amount of information from the perspective of information theory: because the "comment"
category in WEIS is very frequent, it carries less information than an event that occurs with low probability.
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Forecasting Model

The accuracy of the model is accessed on whether it can predict when violence will occur,
violence being defined as events coded into the WEIS "22" category. Given the diverse character
of conflict in this region over the time period—uviolence having occurred between Serbs and Croats,
Serbs and Bosnians, Serbs and Kosovars, but also occasionally between other groups (e.g. Croats
and Bosnians)— | did not attempt to differentiate who was involved in the violence.

The forecast target was whether aweek contained more or less than twenty (20) WEIS
category 22 ("use of force") events. Thethreshold of 20 eventsis somewhat arbitrary, but that
threshold seemed to be reasonable for differentiating periods when the Balkans were relatively
quiet from those where there was substantial violence. Approximately 20% of the weeksin the
data set satisfy the "high conflict” criterion.

Figure 3. Prediction Scheme

100-event M easurement
predictive of WEIS 22
Sequence events
I I I
| _ e |
Forecasting lag ays
* (28, 91 or 184 days) *
End of Start of
target
uence
= > week
Time
Three forecast periods were used
28 days approximately 1 month
91 days approximately 3 months
184 days approximately 6 months

The early warning sequence for each week consisted of the 100 events prior to the first day of
the week minusthe forecast period;3 Figure 3 provides a schematic of this model.

3 Why 1007—because | have ten fingers... The length of the warning sequence is a free parameter—SEQ_SIZE in
the program—and other values might work better, depending on the application. In previouswork on the
Middle East, | have done some experiments with sequences of 50 and 200 events; the results were roughly
comparable to the results from 100 event sequences. Given the vagaries of timing in this region—for example
the unpredictable and seasonally variable effects of weather on military operations, as well as the large number of
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The HMMs were estimated using 16 "forecasting templates,” eight for the high-conflict weeks
and eight for the low-conflict weeks. A high-conflict template was created from the data by
choosing a high-conflict week at random, then getting a 100-event sequence with the appropriate
forecasting lag; low-conflict templates are created in asimilar manner. Finally, prediction for a
particular week is done by computing the fit of a 100-event sequence, obtained with a suitable lag
prior to the beginning of the week, and then assigning the "high conflict” or "low conflict” prediction
depending on which one of the two models had a higher probability of generating the sequence.

In this preliminary analysis, the templates have been chosen at random from any week in the
data set, so while the computed forecast is strictly predictive (i.e. the prediction technique uses no
information beyond that available at the beginning of the week minus FORECAST days), the
estimation of the predictive mode is not, because the model can use templates that occurred after
the time of the forecast. (This approach was used because | anticipated that some periods of time
would provide higher-quality templates than others, though this turned out not to be the case so far
as| can determine). Nonetheless, only avery small amount of the data®—approximately 4%—is
being used to characterize the complete sequences, so the mode is certainly not tautological. Itis
straightforward to switch the estimation is a purely predictive mode; thiswill be done for the final
analysisin this project once the various el ements of the model have been finalized. Two additional
estimation schemes that are purely predictive—they estimate the model on a set of data that occurs
before the period where the accuracy is assessed—are also estimated; they will be discussed
below.

The forecasting model used the following eight relationships

Serbia-> any target Croatia-> any target
any source -> Serbia any source -> Croatia
Bosnia-> any target Kosovo -> any target
any source -> Bosnia any source -> Kosovo

Following the approach in Schrodt (2000), the multiple interactions were modeled by incrementing
the WEIS code for the Nth dyad by (N-1)* 22, so for example the { any source -> Serbia} events
have codes 23 through 44 (corresponding to the original WEIS codes 01 to 22) the { Croatia->
any target} events have codes 89 through 110, and so forth. 1f no event occurred with either dyad,

diplomatic interventions during the course of the conflict—it is unlikely that the model will be very sensitive to
the length of the sequence.

4 1600 eventsin the templates out of about 42,000 eventsin the total sequence.
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the 00 nonevent was assigned to the day. The resulting model contains 177 event codes (8*22 +
1).

This approach involves areatively high level of aggregation, since it does not differentiate the
source or target of interactions with the four principalsin the conflict. Thiswas done for three
reasons. First, if | had tried to further differentiate sources and targets, the number of codes
required in the model would have increased geometrically: For example looking only at the four
principals plus the international community would have involved 20 dyads, which would mean 441
codes, which leads to a parameter space of dimension 5,324, which makes consistent estimation
that much more difficult. Second, because of th Serbiafirst Croatia, then Bosnia, then a Croat-
Bosnian alliance,atemplate chosen at any particular time would primarily consist of zero values for
amost al of the dyads, and therefore would not generalize easily. This approach, in contrast,
essentially asks "What do Serbian (or Croatian, Bosnia, Kosovar) patterns|ook like when Serbiais
interacting with someone, anyone.” Finaly, the specific sources and targets are generally consistent
during a given pef time, so while the dyadic behaviors are aggregated, it is smpleto identify the
actors responsible for most of the activity at any given point in time.

Estimation Algorithm

The HMM parameters were estimated by extensively modifying the source code written by
Meyers & Whitson (1995). Their C++ code implements a left-right hidden Markov model and
the corresponding Baum-Welch maximum likelihood training algorithm. | trandated this code
from the Solaris C++ environment to a Macintosh CodeWarrior ANSI C environment, in the
process combining Meyers and Whitson's separate driver programs for training and testing into a
single program, and modifying the input format to handle the WEIS sequences. | then extended
the code to handle the left-right-left (LRL) model, and implemented the Viterbi algorithm described
in Rabiner (1989) in order to estimate the most likely state sequence. In the process of extending
the model to the LRL form, | rewrote the estimation equations to correspond exactly to thosein
Rabiner—the Meyers & Whitson implementation differed dightly from Rabiner's equations,
presumably because their models estimate a separate vector for "transition symbols.” These new
procedures produce estimates similar to those of Meyers & Whitson when all probabilities to
previous states are forced to zero. This source code is available on the KEDS project web site:
http://www.ukans.edu/~keds/software.html.

The program requires about 2 Mb of memory for a system using 177 codes, 6 states and 100-
event sequences. Thelargest arrays required by the program are proportional to (M+T)*N, where
M isthe number of possible event codes, T is the maximum sequence length and N is the number
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of states. Consistent with the CASCON and SHERFACS approaches, and with earlier work that |
did on the Middle East (Schrodt 1999, 2000), the models | estimated used 6 states.

On average, estimating asingle 177-code, 6-state HMM model using 8 template sequences takes
about 0.80 seconds on a 350 Mhz Apple Macintosh G3, and calculating the probability of agiven
sequence—i.e. doing a prediction—is practicaly instantaneous. Unfortunately, thisspeed is
canceled out by the fact that the Baum-Welch algorithm is not very efficient at finding global
maxima, and therefore a combination of Monte Carlo and genetic a gorithm methods were required
to locate good models [see discussion below]. In the protocols I've been using, a standard run
requires estimating 49,664 models (= 2* {[(24*64)+16]* 16} ) so it takes around 11 hours. This
limited full evaluation to a couple of runs per day on apersona, so it was difficult to experiment with
alarge number of parameters. However, | would reiterate that thisis only a constraint on estimating
the optimal model—once models have been established, new data can be evaluated against these very,

very quickly.

[In the course of doing this research, | adapted the programsto run on aparallel supercomputer
at the National Center for Supercomputer Applications; this experience is described at
htt p: // ww. ukans. edu/ ~keds/ NCSA. ht m . The supercomputer definitely allowed greater
experimentation; these results are briefly summarized below.]

As noted above, the optimization surface of an HMM calculated using the Baum-Welch
algorithm is characterized by avery large number of local maxima. This means that the resulting
the parameters—and the predictive accuracy—of the model depend heavily on theinitial
approximation for those parameters. In other words, the point where the estimation routine stops
depends heavily on where it starts, and those starting points occur in a 2156-dimensional space
—2 models* [(6 states* 177 codes) + 16 transition probabilities].

In order to efficiently explore this surface, | used a combination of Monte Carlo methods and
genetic algorithms. Thiswas done as follows (the capitalized variable names correspond to
constants in the estimation program):

1. A set of GA_VECT initial starting pointsfor apair of models—one for the high conflict
templates and one for the low conflict templates—was chosen (typicaly GA_VECT = 32).
Theinitial parameter values were chosen from a uniform [0,1] distribution, then normalized
so that they summed to 1.

2. An HMM was estimated for each of these starting points, then the "fitness" of the estimated
model was computed. "Fitness" was some combination of correct minus incorrect
predictions (see below).
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3. After al of the models had been computed, the vectors were sorted in descending order of
fitness. Only thetop GA_SURVIVE (=0.25) * GA_VECT vectors were saved.

4. Theremaining (1 - GA_SURVIVE) * GA_VECT vectors were replaced by reproducing the
surviving vectors using the standard genetic algorithm method: two "parents’ were chosen at
random (the likelihood of choosing being proportional to their fitness), then a new vector
was created by taking the first NR elements of the first vector (where NR isarandom
number) and the remaining elements from the second vector. In addition, e ements were
randomly mutated with probability GA_ MUTATE (=0.10).

This process was repeated for GA_MAX_EON (=64) iterations, then the best-fitting model was
saved, and a set of predictions was made using that best-fitting model. Finally, the GA was
repeated with anumber of different starting points and templates (GA_EXPER, which was set at
16 but repeated multiple timesin some cases).

The GA seemsto work fairly efficiently, though it does not converge to asingle model in the
Bakans case. However, the range of optimal valuesisrelatively limited, typically varying by
around 15% - 20% between the best and worst models. Thisvariation, while not idedl, is
considerably more limited than what | got using asimpler Monte-Carlo estimation.> The GA is
not, however, a“magic bullet” and isitself quite time-consuming—I did asmall number of
experiments where | estimated models using a pure Monte-Carlo search that involved the same
number of evaluations asthe GA, and the GA gives only about a 10%-20% improvement in
accuracy for the same amount of work. Other complex optimization approaches such as ssimulated
annealing might produce better results.

Whilel used GA_MAX_EON =64 invirtualy all of the experiments, most of the optimization
tends to occur early in the process.® | did some experiments (on asimpler model, |sragl-L ebanon)
with altering the various parameters of the GA—GA_VECT, GA_SURVIVE and
GA_MUTATE—and the optimization doesn't seem very sensitive to these values.” (I did arun of 16

5 This variation is partly due to the different choice of templates for high and low conflict periods: some templates
are going to be more "typical" than others, and consequently will provide a better fit. 1n a separate experiment
on Israel-Lebanon data where a fixed set of templates was used, the variation among experiments was in the
range of 10%.

6 Virtually all of the optimization occursin the first 32 eons of the genetic algorithm, and one could probably set
GA_MAX_EON =32 with almost no loss of accuracy. Thiswould increase the speed of the experiments by a
factor of 2.

71 did arun of 16 experiments on the 3N mode! for the Balkans datawith GA_VECT=48 and
GA_SURVIVE=0.33—in other words, keeping 16 rather than 8 of the "parent” vectors—and this made no
discernible difference in either the overall accuracy or the rate of convergence.
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experiments on the 3N mode! for the Balkans datawith GA_VECT=48 and GA_SURVIVE=0.33
—in other words, keeping 16 rather than 8 of the "parent” vectors—and this made no discernible
difference in either the overal accuracy or the rate of convergence.)

Alternative Measures of Fitness
The fitness of the model-pairs is computed using
é (Wyp + WiN — Wep— W)

where the wga correspond to the weightsfor a

TP: true positive high conflict predicted when high conflict occurs
TN: true negative low conflict predicted when low conflict occurs

FP: false positive high conflict predicted when low conflict occurs
FN: false negative low conflict predicted when high conflict occurs

Thisisequivaent to aweighted "right minuswrong" criterion:
(#correct predictions) minus (#incorrect predictions)

The sumisover al of the weeksin the data set (from 1 January 1991 to 26 January 1999); each
week is classified into one of these categories.

Because the data set is strongly skewed towards |ow-conflict weeks (80% of the cases), this
model will generally under-predict high-conflict: In particular anull model that predicts only low-
conflict for al weeks would have an impressive 80% accuracy, but it will also be quite useless. This
isthe perennial early warning problem of balancing Type | and Type |l errors. how should a model
balance the possibility of false alarms with the possibility of missing actual cases of high conflict.
One can create a[useless| model with zero false darms by never predicting high conflict, and one
can also create an equally useless model that misses none of the cases of high conflict by always
predicting high conflict. Thereisno simpleway around this tradeoff.
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The simplest way of doing thisisto differentiate reward and penalize some types of predictions
over others. | experimented with three different weighting systems:

Wrp WrN Wep  WeN
Unweighted 1.0 1.0 1.0 1.0
Entropy, FP 1.68 0.21 1.68 0.21
Entropy, FN 1.68 0.21 0.21 1.68

The entropy-based weights are suggested by the information theory computation of the entropy of a
sequence

%
E=-a piIn(p)
i=1
where

p; = the proportion of category i in the data and
C = the number of distinct categories.
and In() isthe natural logarithm. By taking only the log of the proportion, one gets the weights
-In( 0.186) = 1.68 high conflict
-In( 0.814) = 0.21 low conflict

These weights were used as the "reward" for a correct prediction for each type of week. | also
looked at two different ways of weighting the incorrect predictions: one using the high-conflict
weight to penalize false positives; the other uses the high-conflict weight on false negatives.®

Results

Models were estimated for the three forecasting horizons and the three weighting systems, a
total of nine models. At least sixteen Monte-Carlo experiments were run for each model; in some
cases there are alarger number of models because | was able to salvage results from assorted
experiments.

In all of the tables and figures, the numerical prefix (1, 3, and 6) refersto the forecasting
horizon; the letter prefix (U, P, N) refersto the fitness weighting. In some cases, | analyze

8 There is no particular reason that the penalty for incorrect predictions needs to have the same value as the reward
for correct predictions, but thiswill do for afirst approximation.
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separately the best-fitting models (accuracy 2 0.795 for U and P models; accuracy 3 0.495 for N
models) and for all models. Unless otherwise noted, the discussion will refer to the "best" models,
but the "al" results are presented for purposes of comparison and to give some sense of the
variance found in the estimates. In al of the analyses, the U and P models produce very similar
results, with the N model being distinctive.

Overall Accuracy

The overall accuracy of the modelsis shownin Tables 1 and 2; additional tables show the four-
way classification accuracy. Table 1 summarizesthe number of models evaluated, the total number
of observations (i.e. total number of weeks predicted across al of the models), and the average
accuracy (true positive + true negatives). The key result here isthat the overall accuracy for the
best U and P models consistently show almost exactly 80% accuracy; the best N models
somewhat |ess consistently show about 52% accuracy. The difference between the "best" and "all”
model sets is not dramatic—only about 5%—and quite surprisingly, there is very little drop-off in
accuracy as the time horizon increases.

[Thislast characteristic worries me a bit, but | have thoroughly checked through the program
code to make sure that thisis not an artifact, and | can't find any errors. In addition, | have also
used these programs to estimate models for a number of other conflict regions and the pattern of
small decreases in accuracy—rather than accuracy increasing and decreasing randomly—is found
consistently. The reason for this lack of sensitivity to time lags may be due to the episodic
character of violence in the Balkans and elsewhere. The data set is characterized by two extended
high-conflict periods—May-93 to June-94 and April-95 to October-95—with the remainder of the
period having only sporadic conflict, often lasting only a couple of weeks. These gross
characteristics may be predictable quite far in advance.]

9" All" includes the "Best" models
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Table 1
Summary of Estimated Models
Best Models All Models

Model # Models # Obsrv % Correct # Models # Obsrv %Correct
1-U 10 4090 80.7% 22 8998 78.5%
3-U 7 2800 80.6% 21 8400 76.9%
6-U 2 772 81.2% 16 6176 75.9%
1-P 7 2863 80.8% 29 11861 77.6%
3-P 11 4400 80.8% 54 21600 76.0%
6-P 3 1158 80.0% 16 6176 76.9%
1-N 15 6135 55.2% 16 6544 54.2%
3-N 8 3200 52.8% 16 6400 49.0%
6-N 7 2702 53.7% 16 6176 47.7%

Tables 2a and 2b show the accuracy of the forecasts broken down by high-conflict and low-
conflict weeks respectively. The "observed" column gives the percentage of the weeks that were

TP TN
correctly forecast : this proportion issprgN for high conflict and s15Fgp for low conflict. Itis
the percentage of time that ahigh or low conflict week would have been predicted correctly.

The "forecast” column, in contrast, gives the percentage of the weeks that were forecast as
TP
having high or low conflict actually turned out to have the predicted characteristic. ThisisTprEp

TN
for high conflict and TN for low conflict. It isthe percentage of time that atype of prediction

IS accurate.

Asindicated in the discussion of the weighting systems, the N-type models operate very
differently than the U- and P-type models. Asshownin Table 1, U and P models have ahigh
overall accuracy. However, this accuracy comes almost entirely from correctly forecasting low-
conflict weeks—U and P models predict about 95% of these weeks correctly, but correctly predict
only about 25% of the high-conflict weeks. N-type models, in contrast, predict about 85% of the
high-conflict weeks correctly (and 45% of the low-conflict weeks).
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Table 2a
High Conflict Weeks
Best Models All Models

Model | Observed | Forecast Observed Forecast
1-U 24.2% 55.5% 31.3% 45.7%
3-U 26.9% 57.1% 27.9% 41.6%
6-U 30.1% 63.3% 32.3% 42.2%
1-P 21.3% 55.0% 29.3% 40.8%
3-P 22.7% 57.1% 29.0% 37.9%
6-P 24.3% 57.1% 25.9% 42.6%
1-N 92.8% 28.6% 92.67% 28.1%
3-N 86.8% 27.3% 88.1% 25.9%
6-N 86.2% 28.5% 88.5% 26.3%

Table 2b

Low Conflict Weeks

Best Models All Models

Model | Observed | Forecast Observed Forecast
1-U 95.1% 83.1% 90.5% 83.8%
3-U 94.7% 83.2% 89.7% 82.6%
6-U 95.2% 83.3% 87.9% 82.6%
1-P 95.6% 83.0% 89.5% 83.7%
3-P 95.7% 82.7% 87.9% 82.9%
6-P 95.06% 82.2% 90.6% 82.0%
1-N 46.5% 96.5% 45.3% 96.4%
3-N 44.6% 93.4% 39.6% 93.3%
6-N 45.5% 92.9% 37.4% 92.8%

Page 18
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From the perspective of forecasting, the N-type models are best at warning against the possible
"bolt out of the blue,". However, thiscomes at aprice of alot of false darms. when an N-type
model forecasts a high-conflict week, there is only about a 30% chance that thiswill occur.10 A
high-conflict prediction by a U- or P-type model, meanwhile, will result in an actual high-conflict
week in about 60% of the cases.

Time Series Analysis

Figures 4 through 6 show display the accuracy of the various models as a 5-week centered
moving average.l! (Inthe event you are reading a photocopy of this, the origina graphsarein
glorious color; these can be found in the electronic version of the paper. The correlation between
the three forecast periods is quite high, so you are not missing much in black-and-white.)
"Accuracy" is computed as the percentage of the "best” modelsthat correctly classify each week.
For reference, Figure 7 shows the target sequence of WEIS 22-type events, at the same scale asthe
remaining figures (the heavy line is a5-week centered moving average).

There are some general patternsto the accuracy. All three models are very accurate at the
beginning and end of the series, prior to about April 1992 and following April 1997. During the
period October-94 to October-97, the U/P and N models are amost perfect mirror images of each
other—when the accuracy of one type of model is high, the other islow, and vice-versa. (Thisalso
means that the models are making opposite predictions: for example following October-95, the P
models almost always [correctly] predict low conflict, whereas the N-models predict high conflict.)
Thisisnot merely avisua effect: the correlation (r) for the 3-N versus 3-P modelsis-0.59 for
Oct-91 to Mar-97, and -0.28 for the entire period.

Curioudly, the N-model takes a very long time—almost el ghteen months—to recover accuracy
after the implementation of the Dayton Accords, which might suggest that despite the fact that
these agreements resulted in a sudden cessation of hostilities, the preconditions for violence
remained in place and Dayton may in fact have had amajor impact in actually enforcing peace. The
accuracy in the 1993 period is medium for both models; thisis probably partly due to the fact that
the high-low classifications are fluctuating rapidly during this period.

10 However, as noted below, some of these false positives are "near misses' in the sense of predicting high conflict
in weeks that fall just short of the 20-event threshold. Furthermore, many of these errors occur during the period
of the implementation of the Dayton Accords, and if that period is eliminated from the analysis, the forecast
accuracy of the N modelsis probably closer to 50%.

11 The moving average is used for purposes of clarity—the weekly accuracy fluctuates very rapidly in places,
resulting in agraph that is very difficult to read.
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Figures 8 and 9 [attempt to] show the accuracy for high-conflict weeks only for the P and N
models. These figures reinforce the points made earlier about the relative accuracy of the two
approaches, and are primarily important for what they don't show: (1) thereis no clear
differentiation in the predictive accuracy of the 1, 3 and 6-month forecasts and (2) the accuracy is
fairly consistent over time, except for the tails of the series (including 1992 for the N mode!).

Figure 4.

Accuracy of U-Models, 5-week Moving Average
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Figure 5.

Accuracy of P-Models, 5-week Moving Average
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Figure 7.

Number of WEIS 22 Events per Week
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Figure 8.

P-Model Accuracy, High Conflict Weeks Only
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Figure 9.

N-Model Accuracy, High Conflict Weeks Only
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Purely Predictive Models

All of the analyses reported above use templates from the entire period to develop the models.
This means that some of the "predictions’ of the models—on average, 50% of the period—arein
fact retrospective in that they are based on templates that occur after the week that is being
classified. In contrast, this section will evaluate two sets of modelsthat are purely predictive: the
templates will be chosen from the period prior to the weeks being eval uated.

Two different schemes were used to do this. The entire time period was subdivided by
calendar years: 1993, 1994, 1995, 1996, 1997 and 1998. Let Cy refer to the beginning of the first

full week of year k.

Prior Templates: Templates were taken from any time prior to Cy. predictions were eval uated
on al of the weeks greater than Cy

Recent Templates: Templates were taken from the time period Cy-1 >t > Cy: predictions were
evauated on the weeks Cyx >t > Cy4+1.12

In other words, the “prior” scheme takes templates from any time before the beginning of ayear,
and then evaluates the accuracy of the prediction on al of the remaining weeks in the data set,
whereas the “recent” scheme takes templates only from the previous year (where possible) and
evaluates accuracy on asingle year. The relationship between these schemesisillustrated in
Figure 9.13

12 Because of the small number of high-conflict weeks at the beginning and end of the sequence, there were not
enough high-conflict weeks to provide an adequate number of templates (8) for some years, so thiswas
implements by chosing high-conflict templates from 1991 and 1992 for the year 1993, and for 1996 to the
beginning of the year for 1997 and 1998.

13 Note: Dueto alast minute reorganization of the paper, there is agap in the table and figure numbers here.
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Figure 9.
Prediction Schemes
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These changes required relatively few changesin the program, but the estimation times increases
by roughly afactor of six: Using 16 Monte-Carlo experiments per year, the prior templates
estimation takes approximately 2000 minutes (33 hours) to run on a 350 Mhz Macintosh G3; the
recent templates estimation takes approximately 1400 minutes (23 hours). [The difference is due to
the fact that the recent model needsto classify only 52 weeks, whereas the prior model evaluates al
313 weeks]. Given these constraints, only the P and N models were eval uated.

Theresults of thisanalysis are reported in Tables5 and 6. In general, both of the predictive
analyses mirror the full-sample analysis in the sense that most of the figures are within £20% of
the earlier results. The differences between the P- and N-models that were found in the full-
sample analysis continue to be reflected in the predictive analysis, though it seems to be somewhat
more attenuated. There aso seems to be more of atendency for the 6-month forecast to be less
accurate than the 1-month forecast, though these differences are frequently small (less than 10%)
and the pattern is not universal.

As expected, these results differ substantially over time, with the high-conflict years 1993, 1994
and 1995 generally having one pattern (consistently better or worse predictions, depending on the
model), 1996 being an intermediate years, and 1997 and 1998 having asingle pattern. There are a
few exceptions to this—for example the “%High Forecast” indicator for the P-model is
uniformly awful—but it holds more often than not. [Also note that the sample sizesin the later
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years of the prior analyses are relatively small—particularly for the high-conflict weeks—so the
accuracy fluctuates more wildly than it doesin the full-sample analysis.]

It should be noted that in many cases, the purely-predictive models perform better than the full-
sample model, which is frequently not the case in statistical analyses. Thisis probably dueto the
model being able to adapt to the changing characteristics of the system, for example the shift in the
focus of the conflict from Croatiato Bosniato Kosovo, aswell as adapting to the periods of low
conflict. In some situations, this adaptation can be counter-productive, notably as the prior model
adapts to the high-conflict period prior to 1996 and then finds almost no conflict to predict after
1996. Thiscan lead to situations where thereis a great deal of difference between the relative
accuracy in predicting high-conflict and low-conflict weeks. But in amajority of the cases, the
short-term adaptation produces substantially better predictions. Thiswill be discussed further in
the next section.
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Table 5a. Accuracy of P-Models for Prior Forecast Templates and Predictions;

Accuracy Computed on Full Period after Year

% Correct

% High Correct

% Low Correct

% High Forecast

% Low Forecast

1993 1994 1995 1996 1997 1998
53.57 68.80 74.15 78.96 90.16 94.31
60.73 61.86 61.38 81.21 82.75 90.85
67.33 59.39 67.34 73.29 89.41 85.71
1993 1994 1995 1996 1997 1998
39.55 27.93 20.83 35.00 12.50 6.25
29.11 31.52 35.19 33.75 31.25 0.00
23.54 48.54 29.63 40.00 25.00 25.00
1993 1994 1995 1996 1997 1998
57.76 77.61 81.89 80.37 90.89 95.91
70.18 68.41 65.19 82.73 83.24 92.50
80.43 61.73 72.82 74.36 90.01 86.82
1993 1994 1995 1996 1997 1998
21.89 21.19 14.31 5.41 1.27 2.70
22.61 17.70 12.79 5.90 1.71 0.00
26.47 21.47 13.66 4.76 2.29 3.33
1993 1994 1995 1996 1997 1998
76.16 83.32 87.69 97.47 99.11 98.25
76.79 82.25 87.39 97.50 99.23 98.07
77.86 84.76 87.70 97.48 99.23 98.45
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Table 5b. Accuracy of N-Models for Prior Forecast Templates and Predictions;

Accuracy Computed on Full Period after Year

% Correct

% High Correct

% Low Correct

% High Forecast

% Low Forecast

1993 1994 1995 1996 1997 1998
53.86 40.24 37.35 28.14 42.42 69.53
55.93 26.30 26.73 23.10 30.32 56.70
67.82 32.08 25.29 21.16 27.84 48.55
1993 1994 1995 1996 1997 1998
44.26 84.18 82.87 96.25 50.00 37.50
37.59 91.22 90.05 83.75 56.25 37.50
23.20 89.63 93.75 93.75 87.50 56.25
1993 1994 1995 1996 1997 1998
56.74 30.76 30.75 25.96 42.35 70.11
61.42 12.30 17.54 21.15 30.08 57.05
81.17 19.67 15.36 18.83 27.28 48.41
1993 1994 1995 1996 1997 1998
23.44 20.77 14.80 4.00 0.80 2.23
22.57 18.32 13.68 3.29 0.75 1.56
26.94 19.39 13.85 3.57 1.11 1.94
1993 1994 1995 1996 1997 1998
77.29 90.02 92.52 99.54 98.91 98.41
76.69 86.67 92.39 97.60 98.66 98.05
77.94 89.79 94.42 98.95 99.57 98.38
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Table 6a. Accuracy of P-Models for Recent Templates; Prediction Accuracy by

Year

% Correct

1993 1994 1995 1996 1997 1998
1 49.28 52.52 54.81 79.25 96.27 96.75
3 48.80 52.16 47.60 75.12 93.87 97.96
6 47.96 47.12 54.93 51.65 95.43 94.35
% High Correct
1993 1994 1995 1996 1997 1998
1 33.4] 41.25 42.33 28.12 0.00 0.00
3 16.83 55.94 27.27 28.12 0.00 0.00
6 9.13 57.81 40.06 29.69 0.00 0.00
% Low Correct
1993 1994 1995 1996 1997 1998
1 65.14 59.57 63.96 83.42 96.27, 98.64
3 80.77, 49.80 62.50 78.95 93.87 99.88
6 86.78 40.43 65.83 53.44 95.43 96.20
% High Forecast
1993 1994 1995 1996 1997 1998
1 48.94 38.94 46.27 12.16 0.00 0.00
3 46.67, 41.06 34.78 9.84 0.00 0.00
6 40.86 37.76 46.23 4.95 0.00 0.00
% Low Forecast
1993 1994 1995 1996 1997 1998
1 49.45 61.87 60.20 93.43 100.00 98.05
3 49.27, 64.39 53.96 93.08 100.00 98.07
6 48.85 60.53 59.96 90.30 100.00 98.00
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Table 6b. Accuracy of N-Models for Recent Templates; Prediction Accuracy by

Year

% Correct

1993 1994 1995 1996 1997 1998
1 48.08 42.07 47.00 52.95 76.20 94.59
3 47.96 43.03 44.23 39.98 74.16 97.36
6 47.12 41.59 49.64 28.89 77.04 94.11
% High Correct
1993 1994 1995 1996 1997 1998
1 42.55 73.75 83.24 53.12 0.00 0.00
3 31.73 81.56 73.3 62.50 0.00 0.00
6 17.07 86.88 91.19 76.56 0.00 6.25
% Low Correct
1993 1994 1995 1996 1997 1998
1 53.61 22.27 20.42 52.93 76.20 96.45
3 64.18 18.95 22.92 38.14 74.16 99.26
6 77.16 13.28 19.17 25.00 77.04 95.83
% High Forecast
1993 1994 1995 1996 1997 1998
1 47.84 37.22 43.41] 8.44 0.00 0.00
3 46.98 38.61 41.08 7.62 0.00 0.00
6 42.77, 38.5 45.28 7.69 0.00 2.86
% Low Forecast
1993 1994 1995 1996 1997 1998
1 48.27, 57.58 62.42 93.26 100.00 98.01
3 48.46 62.18 53.92 92.57 100.00 98.06
6 48.2 61.82 74.80 92.89 100.00 98.12
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Comparison of Forecast Accuracy by Year

The “recent” prediction scheme is the most sensitive to the changing character of the conflict.
The annua statisticsin Table 6 are also the most straightforward to evaluate, because each
prediction is done on 52-weeks, in contrast to the variable number of weeks in the prediction
period in the “prior” scheme.

In order to get a systematic evaluation of the effect of changing the level of adaptationin the
model, the results from the full-sample and prior analysis were re-analyzed on an annual basis: In
other words, rather than assessing the accuracy on a period that extends to the end of the data set,
the accuracy for each year (52 weeks) of the data was tabulated. (The optimization of the model
was done as before—in fact thisis smply aretabulation of the existing results, not anew set of
estimations.) These results are reported in Tables 7 and 8, which are directly comparable to Table
6.

Figures 10, 11 and 12 show the comparative level of accuracy of the three methods for the 3-
month lead. When the relative level of accuracy is compared across the estimation methods, two
patterns are evident in these figures.

First, thereis generally asingle rank ordering of the accuracy of the three methods across
time: For example, if the recent and prior schemes (or full-sample and recent schemes) have
roughly the same level of accuracy on one year, they will havethison all years. The exceptions
that occur in this are usually at the ends of the data set, 1993 and 1998. Thereisquite abit of
variation in the patterns across the accuracy measures and estimation techniques, however.

Second, the full-sample scheme is almost aways better than the prior scheme; when thisis no
true, the prior scheme and the recent scheme usually have about the same level of accuracy. Inall
cases, the prior scheme is either the least accurate of the three—in some cases dramatically less
accurate, asin Figure 12b , or else it is comparable in value to one of the other two measures.

These results suggest rather strongly that if oneisin a predictive mode (as distinct from
retrospectively analyzing a period of time, or using one set of interactions to try to predict behavior
in adifferent region), then it is best of use short-term adaptation. In many cases, the short-term
model does also aswell asthe full-sample model, and in Figure 10b, it does substantially better in
the later years. HMMs seem to work best when they can “forget”—in the sense of ignoring
older information—as well as*“learn.”

The optimal set of training templates might be one that effective has an “exponential decay” in
the sense of having more templates from recent history than from distant history. To acertain
extent, thiswas done already in the latter yearsin thisanalysis, since it was necessary to go further
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back in timeto pick up sufficient examples of high-conflict weeks.14 Simply accumulating
additional information on an on-going conflict as it becomes available—which is effectively what
the “prior” scheme does—does not seem to be a good idea: from a statistical perspective, these
are non-stationary systems. On the other hand, one would till like to have some way of
maintaining a*“memory” of the precursorsto high-conflict situations in a situation which has
been peaceful for some time; this might be provided either by instances of earlier conflict in the
region (evenif it occurred anumber of years earlier), or with some generic templates for conflict in
comparableregions. In Schrodt (1999) | was able to use hidden Markov models generated from a
set of 19th and 20th century crises (the BCOW data set) to provide a reasonably good measure of
conflict in the I srael-Palestine conflict, and based on this, it might be possible to find some good
archetypical modelsfor conflict in areas that have generally been conflict-free.

14 However, this result has certainly been affected to some extent by the fact that the Balkans conflict went
through four or five very distinct subphases—the initial conflict with Croatia, followed by the conflict with
Bosnia, followed by the combined Croatia-Bosnian counter-offensive and brief NATO attacks, followed by the
peaceful Dayton period, and ending with the lead-up to the Kosovo conflict. Because the coding system is
sensitive to the presence or absence of activity by individual actors, it may to overly sensitive to these shifts and
unable to pick up a general pattern for “conflict.” It would be interesting to compare these results with a model
of ahighly-ingtitutionalized conflict such as Isragl-Lebanon or Turkey-Kurds.
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Figure 10a
%Correct by Year, 3P Models
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Figure 10b
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Figure 1la
% High Correct by Year, 3P Models
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Figure 11b
% High Correct by Year, 3N Models
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Figure 12a
% Low Correct by Year, 3P Models
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Figure 12b
% Low Correct by Year, 3N Models
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Table 7a. Accuracy of P-Models for Prior Sample Templates; Prediction
Accuracy by Year
% Correct
1993 1994 1995 1996 1997 1998
1 48.44 51.08 52.88 67.45 95.31 94.11
3 48.80 49.88 47.36 76.30 88.34 91.71
6 47.00 49.52 53.37 65.57 93.39 87.74
% High Correct
1993 1994 1995 1996 1997 1998
1 39.18 35.31 19.03 34.34 6.25
3 28.12 40.31 31.53 28.13 0
6 23.32 56.56 29.26 39.04 25.00)
% Low Correct
1993 1994 1995 1996 1997 1998
1 57.69 60.94) 77.71 70.15 95.31 95.83
3 69.47 55.86 58.96 80.23 88.34 93.50
6 70.67 45.12) 71.04 67.73 93.39 88.97
% High Forecast
1993 1994 1995 1996 1997 1998
1 48.08 36.10 38.51 8.59 0 2.86
3 47.95 36.34) 36.04 10.40 0 0
6 44.29 39.18 42.56 8.99 0 4.26
% Low Forecast
1993 1994 1995 1996 1997 1998
1 48.68 60.12 56.69 92.91 100 98.12
3 49.15 59.96 54.0 93.19 100 97.95
6 47.96 62.43 57.80 93.16 100 98.37
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Table 7b. Accuracy of N-Models for Prior Sample Templates; Prediction
Accuracy by Year
% Correct
1993 1994 1995 1996 1997 1998
1 46.15 39.30 42.91 14.98 31.01 69.95
3 47.24 40.75 41.95 17.45 16.47 56.49
6 46.27, 42.43 45.67] 17.57 23.56 48.56
% High Correct
1993 1994 1995 1996 1997 1998
1 41.35 87.19 83.81 98.44 37.50
3 34.13 93.12 88.92) 87.5( 37.50
6 24.76 90.62 94.60 93.71 56.25
% Low Correct
1993 1994 1995 1996 1997 1998
1 50.96 9.38 12.92 8.16 31.01 70.59
3 60.34) 8.01 7.50 11.73 16.47 56.86
6 67.79 12.3 9.79 11.35 23.56 48.41
% High Forecast
1993 1994 1995 1996 1997 1998
1 45.74 37.55 41.37] 8.05 0 2.44
3 46.25 38.75 41.35 7.49 0 1.68
6 43.46 39.24 43.47] 7.95 0 2.09
% Low Forecast
1993 1994 1995 1996 1997 1998
1 46.49 53.93 52.10 98.46 100 98.29
3 47.81 65.08 48.00 92.00 100 97.89
6 47.39 67.74 71.21 95.70 100 98.26
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Table 8a. Accuracy of P-Models for Full Sample Templates; Prediction Accuracy

by Year

% Correct

% High Correct

% Low Correct

% High Forecast

% Low Forecast

1993 1994 1995 1996 1997 1998
56.32 65.11 62.64 90.03] 100 97.53
54.55 64.16 66.61 90.57 97.90 97.38
62.18 64.74 62.18 87.42 98.72 95.5]]
1993 1994 1995 1996 1997 1998
25.56 25.18 20.27 14.29 14.29
16.43 25.23 30.08; 22.73 9.09
32.89 25.00 16.67] 0.0d 33.33
1993 1994 1995 1996 1997 1998
86.41 89.78 91.67 96.21 100.00 99.16
92.66 88.14 92.26 96.10 97.90 99.11
90.00 89.58 95.56 94.56) 98.72 96.73
1993 1994 1995 1996 1997 1998
64.79 60.34 62.5] 23.53 25.00)
69.12 56.70 73.20 32.26) 0 16.67
75.76 60 73.33 O 0 16.67|
1993 1994 1995 1996 1997 1998
54.27 66.01 62.66 93.22 100 98.33
52.58 65.68 65.26 93.84 100 98.23
58.54 65.65 60.99 92.05] 100 98.67
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Table 8b. Accuracy of N-Models for Full Sample Templates; Prediction Accuracy

by Year

% Correct

% High Correct

% Low Correct

% High Forecast

% Low Forecast

1993 1994 1995 1996 1997 1998
50.26 40.38 46.28 30.19 70.00; 93.46
50.00 43.75 48.80 34.43 57.21 81.25
54.40 45.60 48.08] 33.69 55.77 73.90
1993 1994 1995 1996 1997 1998
95.86 97.79 94.70 95.0( 26.67
89.74 91.72 92.59 87.5( 50.00)
92.44 92.91 90.14 89.24 42.86
1993 1994 1995 1996 1997 1998
10.77, 9.82 15.69 24.90 70.00 94.77
14.93 18.08, 20.87 30.10 57.21 81.86
20.31 20.25 21.17 29.15 55.77 74.51
1993 1994 1995 1996 1997 1998
48.19 36.60 41.51 9.36 0 9.09
48.21 37.46 42.74 9.27] 0 5.13
50.96 38.44] 42.24 9.33 0 3.19
1993 1994 1995 1996 1997 1998
75.00 89.29 82.42 98.39 100 98.51
62.26 80.33 81.54 96.72 100 98.82
75.00 84.21 77.05 97.09 100 98.52
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Assessment of differences between the high-conflict

and low-conflict models

The HMM has avery diffuse coefficient structure: the high and low models each have 1,078
parameters (177 observation probabilities plus 16 transition probabilities), so determining how to
predict aweek fitsthe high or low conflict category involves 2,156 parameters. Add the fact that
this analysis has looked at three different weighting schemes and three forecasting horizons, and
oneislooking at 19,404 parameters, if the prospective and recent models are included, there are
58,212 parameters. Add the fact that we are using Monte Carlo methods, so that each of those
conditions was duplicated at least 16 times, and the analysis has actually produced in excess of
931,392 parameter estimates. That'salot of parameters...

On the positive side, these parameters all have straightforward interpretations (in contrast, for
example, to the weights of aneural network). The larger observation probabilities correspond to
the behaviorsthat are being "watched" by the model in order to make aprediction. Inthisanayss,
the trangition probabilities are of interest primarily to determine the number of Markov states that
are actually found in the process. The differences between the high and low modelswill show the
characteristics of the system that are most likely to distinguish between pre-conflict and pre-peace
periods.

In order to make sense of this mass of information, I'm focusing the analysis somewhat:

* Only the full-sample runs have been analyzed—these are likely to be most representative of
the results of the entire sample.

* Only the P and N models are compared—as in the prediction analysis, the parameter
estimates of the U and P models are very similar and with very few exceptions, anything true
of the P model will aso betrue of the N model.

» Most of the analysis will focus on the 3-month forecast—there are some differences between
the forecasting horizons, and these will be explored below—but in general the major
differences are found between the high and low conflict models, and between the Pand N
weighting systems.

» Most of the analyses will be done using the "reduced" models (see discussion below)
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Because the parameter estimates result from Monte Carlo estimation, they will be analyzed
statistically. Asbefore, the"All" resultsrefer to the analysis of al of the Monte Carlo runs; the
"Best" results are only those with accuracy 3 0.795 for P models and accuracy 3 0.495 for N
models.

State Reduction Criteria

This section gives details on the algorithm used to reduce the number of statesin amodel through
elimination and combinion of statesthat will occur very rarely. In thisdiscussion, the notations pj,
ri, and nj refer to the transitions to the previous state, same state, and next state respectively.
"Small" probabilities are—somewhat arbitrarily—defined as those lessthan 0.1; "large”
probabilities are defined as those greater than 0.9.15;

Small values of rj occur in two circumstances.

* transient states: rj issmall; pj and pj+1 are not large. In this case, the system will simply pass
through the state quickly and that state will be responsible for very few eventsin the sequence.

o cyclica pairs. ri and ri+1 are small; nj and pj+1 arelarge. Inthiscase, the system will remain
inside this pair of statesfor asignificant period of time, but switch between statei and i+1 for
every other event

While other combinations are logically possible—for example one could have a cyclica
triplet—uvirtually al of the cases of small rj valuesfall into these categories.

The transient case can be simply eliminated from the model. The only situation where this
removes any important information iswhen p;j is very small, in which case the stateis acting as a
one-way valve—once the system has passed through the state, it will not return to the earlier states.
These situations are fairly common—in fact in anumber of cases the estimated pj is zero—but |
have not tried to analyze them separately.

The cyclical pair, in contrast, can be mathematically reduced to asingle state. The pair formsa
Markov chain of the form

r. n:
i |

P +—» <> n.,

pi+1 ri+1_

1

Becauser + nj <land pj+1 + ri+1 <1, themiddle matrix is not strictly aMarkov chain, so these

r
are standardized by row, e.g. rj is replaced with 7 J'r i -

A Markov chain relatively quickly reaches an equilibrium distribution where it spends aknown

151, has a highly bimodel distribution...
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proportion of timein each of the states. Feller (1968: 432) shows that the Markov chain

1-p p

q 1-9

has the equilibrium distribution [ pcl g pa q]. Thisformulawill be used to give the weightsto

the observation probabilities when reducing cyclica states. (In practice, nj and pj+1 are sufficiently
closein vaue that this gives much the same results as smply weighting the two observation vectors
equally)

Interpreting the t-test tables

Much of thisanalysisis based t-test tables such as the following:

HIGH CONFLICT
PARAMETER T-TESTS AGAINST MARGINALS FOR MODEL P3

State 0

BOS> >BOS CRO> >CRO SER> >SER KSV> >KSV
YIELD -5.127  *** --- --- +++ -3.948 ---
COMMNT --- 8.004 --- 2495 2321 12233 -4.772 -3.849
CONSLT --- 7845  --- --- 2329 +++ -6.469 -8.034
APPROV --- -3.651  --- +++ --- -4.874  --- -11.946
PROMIS --- --- --- --- --- -3.150  --- -3.085
GRANT -2.735 -2976  --- --- +++ --- --- -2.719
REWARD --- --- --- --- --- --- --- -4.266
AGREE -3535 -3592 -5.826 -7.120 -3.418 -2.324 -13.352 -10.067
REQEST --- +++ ++4+ -2234 -2466 -5893 --- -2.247
PROPOS -6.552  --- --- +++ --- - --- -4.674
REJECT --- --- +++ --- 3.707  +++ --- -2.901
ACCUSE +++ - --- 3.033 2546 --- ---
PROTST -2.252 -3.447  +++ --- -2396  --- --- -11.946
DENY +++ -3.255 --- --- 2502 -6.648 --- +++
DEMAND --- --- +++ --- --- --- ---
WARN -2.141 - -2.679  *** --- -3.734  ---
THREAT -2.636  --- --- --- --- --- ---
REDUCE --- --- --- --- --- --- --- -2.531
EXPEL *** --- --- --- --- --- --- -8.707
SEIZE = --- --- --- --- * ok --- --- -
FORCE --- -2.262 -3914  --- --- -2.341  ---
NULL --- -2.135 - --- --- -3.501 -3.000 -8.602
NONEVT -5.414

These tables are designed to make it relatively easy to determine where the significant relations
in the estimated observation probabilities exist. The first three lines—whose content will vary with
theindividual test—identify the test and the observation vector: In this case the vector isfor State O
of the P weights, 3-month forecast, high-conflict model; the t-test compares the estimated
probabilities with the marginal probabilities.
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The matrix of t-test has the event codes in the rows and the dyadic interactions *in the columns.
The rows are labeled with the WEIS codes (these are either mnemonics, asin this example, or two-
digit numerical codesin some of the earlier runs). The columns are labeled with the dyads: the
notation BOS> refersto al actions where Bosniais the source; >BOS refersto al actions where
Bosniaisthetarget. (the notation <BOS is used in some earlier versions of the program). The
abbreviations are BOS = Bosnia; CRO = Croatia; SER = Serbia; KSV = Kosovo.

Only the significant t-tests are shown. The following thresholds are used:

[t|>2.0 Print the actual value; thisis approximately the critical value for the 0.05
significance level

203 |t|>1.72 Print"***" : thisis approximately the critical value for the 0.10 significance
leve

1723 |t|>1.32 Print"+++"; thisisapproximately the critical vaue for 0.20 significance
leve

1.322 |t| Print "---"

The selected critical values are for at-test with 20 degrees-of-freedom. Note that the sample size
varies depending on the individual model, so these critical values are only approximate; in the case
of some of the "best” tests, they dightly over-estimate the significance level .16

When the reduced forms of the high and low models are being compared, there is an additional
problem of comparing the different number of models where a particular state exists (in other
words, because of state reduction, there will be fewer instances of models containing four, five or
six states than models having three states). There [obvioudy] must be at |east two cases of a
particular state in both models (e.g. high and low; 1-month and 6-month) for the t-test to be
computed.

Interpreting the t-test maps

In order to provide ameans of visualizing all of the parameters ssmultaneoudly, this report
includes a number of color-coded maps that show the t-tests for all of the codes and dyads. The

16 1t would be straightforward to adjust these tables so that they reflect true significance levels, but since the levels
of significance tests are themselves rather arbitrary—contrary to popular belief in social science statistical
circles, thereis little evidence that Moses descended from Mt. Sinai bearing tablets that said "a < 0.05!"—this
didn't seem to justify the trouble involved in entering at table into the program used to generate these tables. In
all cases, the highest t-values are substantially greater than 2.0, and more generally, the number of significant t-
values far exceeds what would be expected by chance under the null hypothesis of no differences, so the critical
value of 2.0 is not particularly important in the analysis.
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red areas indicate t-test that have high positive values; the blue areas have high negative values; and
the green areas are close to zero.

These maps are produced from surface-plots in Microsoft Excel, which introduces afew quirks.
First, the "points’ being plotted are the intersections of the grid line, not the squares outlined by the
grid (ideally, these plots should be done as a grid of appropriately colored squares, but thisisn't an
optionin Excel). Excd aso interpolates between adjacent points, so there may be severa color
bands between two values. Technically, the codes are discrete so thisis meaningless, though
because WEIS codes form arough cooperation-to-conflict continuum, it makes some sense in the
horizontal direction (and probably enhances one's ability to make sense of the map). Second, only
eight ranges are plotted, and in fact the "3 - 4" range is actually >3.0 for positive numbersand < -
3.0 for negatives. Finaly, in order to keep the scaling consistent across the graphs, in afew cases|
put an artificial "-3.0x" valueinthe KSV>:YIELD category.

Parameter comparisons
This section will discuss each of the following comparisons.
» Number of statesin the reduced models,

» Pattern of coefficients that are significantly different from the observed distribution of the
codes in the data;

» Pattern of coefficients that are significantly different in the high and low models
» Comparison of 1-month and 6-month forecast models

The t-test tables themselves are very lengthy—each requires about 2500 lines, or roughly 40
single-spaced pages for the full model—so with afew exceptions these have not been included in
the paper. In some instances, summary-maps of the distributions will be used instead.

Number of states in the models

As noted above, both transient and cyclic states occurred frequently in the estimates,
indicating—with one possible exception—that the six-state framework was adequate to account for
the observed sequences. The tablesthat follow show the proportion of non-transient and cyclic
states in original matrices, and the average number of statesin the reduced matrices, by weight and
forecast period.

Asusual, the U/P and N models tend to mirror each other. In the P models, the high model
has about 20% cyclic states, while the low model has only about 1% to 2%; in the N model this
ratio isreversed. Inall of thelow models, only about 60% to 70% of the states in the low model
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are non-transient (that is, neither transient nor cyclical); the high model in the U/P wieghts has even
fewer non-transient state, but in the N model around 90% of the states are non-transient.

These characteristics are reflected in the average number of statesin the reduced models. All
of the models except the N-weight high model average about 4.5 states. 1n most cases, the low
models have fewer states than the high models, though this differenceis generally only around a
0.310 0.6 states. The standard deviations are relatively low.17

The one exception isthe N-type, high model, where the reduced models still have nearly six
states. Thiswould certainly suggest that moving to alarger model for this situation (or for models
with smilar weights) might be appropriate. Thismay be due to the fact that the N-type models
specidize in accurately forecasting the more complex, high-conflict category, which may require
the greater level of detail that is possible with amode with a greater number of states. P-type
models, in contrast, are better with low-conflict weeks, and there is a consi stent tendency for low-
conflict models to require fewer states than high-conflict models.

17 Because the distribution is bounded on the right—no model has more than six states—this is probably not
normally distributed. The standard deviations of the "best" models are actually higher than those of the complete
set of models, which runs contrary to my expectations; this may be partly a function of the low sample sizes.
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Table 9a.
Proportion of Non-transient and cyclic states in original matrices
All Models

Model Total Non- Cyclic %Non- %Cyclic
states transient transient
Ul
HIGH: 132 69 25 52.27% 18.94%
LOW: 132 91 1 68.94% 0.76%
u3
HIGH: 126 65 26 51.59% 20.63%
LOW: 126 81 2 64.29% 1.59%
u6
HIGH: 96 57 14 59.38% 14.58%
LOW: 96 74 0 77.08% 0.00%
P1
HIGH: 174 93 37 53.45% 21.26%
LOW: 174 115 8 66.09% 4.60%
P3
HIGH: 324 184 69 56.79% 21.30%
LOW: 324 204 5 62.96% 1.54%
P6
HIGH: 96 55 18 57.29% 18.75%
LOW: 96 72 1 75.00% 1.04%
N1
HIGH: 96 87 1 90.62% 1.04%
LOW: 96 55 14 57.29% 14.58%
N3
HIGH: 96 92 1 95.83% 1.04%
LOW: 96 51 17 53.12% 17.71%
N6
HIGH: 96 89 2 92.71% 2.08%

LOW: 96 53 21 55.21% 21.88%
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Table 9b.
Proportion of Non-transient and cyclic states in original matrices
Best Models Only

Model Total Non- Cyclic %Non- %Cyclic
states transient transient
Ul
HIGH: 60 30 11 50.00% 18.33%
LOW: 60 38 1 63.33% 1.67%
u3
HIGH: 42 21 9 50.00% 21.43%
LOW: 42 30 2 71.43% 4.76%
u6
HIGH: 12 8 1 66.67% 8.33%
LOW: 12 8 0 66.67% 0.00%
P1
HIGH: 42 26 8 61.90% 19.05%
LOW: 42 27 2 64.29% 4.76%
P3
HIGH: 66 41 12 62.12% 18.18%
LOW: 66 49 1 74.24% 1.52%
P6
HIGH: 18 12 3 66.67% 16.67%
LOW: 18 12 0 66.67% 0.00%
N1
HIGH: 90 81 1 90.00% 1.11%
LOW: 90 53 13 58.89% 14.44%
N3
HIGH: 48 46 0 95.83% 0.00%
LOW: 48 27 7 56.25% 14.58%
N6
HIGH: 42 37 1 88.10% 2.38%

LOW: 42 22 10 52.38% 23.81%
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Table 10a.

Number of States in the Reduced Models

All Models

Model Total Non- Mean Stdev
models transient per model per model

Ul

HIGH: 22 94 4.27 0.686

LOW : 22 92 4.18 1.230

u3

HIGH: 21 91 4.33 0.642

LOW : 21 83 3.95 0.898

u6

HIGH: 16 71 4.44 0.788

LOW : 16 74 4.62 1.111

P1

HIGH: 29 130 4.48 0.725

LOW : 29 122 4.21 1.349

P3

HIGH: 54 249 4.61 0.591

LOW : 54 209 3.87 1.504

P6

HIGH: 16 73 4.56 0.704

LOW : 16 73 4.56 0.998

N1

HIGH: 16 88 5.50 1.061

LOW : 16 67 4.19 1.014

N3

HIGH: 16 93 5.81 0.527

LOW : 16 638 4.25 0.750

N6

HIGH: 16 91 5.69 0.583

LOW : 16 74 4.62 0.484
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Table 10b.
Number of States in the Reduced Models
Best Models Only

Model Total Non- Mean Stdev
models transient per model per model

Ul
HIGH: 10 41 4.10 0.700
LOW : 10 39 3.90 1.136
U3
HIGH: 7 30 4.29 0.700
LOW : 7 32 4.57 0.728
U6
HIGH: 2 9 4.50 0.500
LOW : 2 8 4.00 1.000
P1
HIGH: 7 34 4.86 0.350
LOW : 7 29 4.14 1.125
P3
HIGH: 11 53 4.82 0.386
LOW : 11 50 4.55 0.782
P6
HIGH: 3 15 5.00 -0.000
LOW : 3 12 4.00 0.816
N1
HIGH: 15 82 5.47 1.087
LOW : 15 64 4.27 0.998
N3
HIGH: 8 46 5.75 0.661
LOW : 8 34 4.25 0.829
N6
HIGH: 7 38 5.43 0.728

LOW : 7 32 4.57 0.495
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Comparison of observation probabilities to the marginal distribution of the codes in
the data

The significant t-tests for some of the early states of the P3 and N3 models are shown in the
following tables and maps. In general, the observation probabilitiesin both the high and low
matrices differ substantially from the marginal (background) probabilitiesin the dataset as awhole.
Thisis not surprising for the high model, but somewhat surprising for the low model, since about
80% of the weeksin the data arein the low-category. The fact that the low model also shows a
large number of differencesis probably indicative of the fact that these models were selected to
maximize the difference between high and low forecast behaviors, so even the low model picks up
distinctive patterns.

Keep in mind that because the observation probabilities must add to 1.0, disproportionately
high probabilities on some codes must be compensated by disproportionately low probabilities on
some others; furthermore, those probabilities are summed across al of the dyads. Consequently
while alarge positive t-value ways means that the behavior is more common than would be
expected by chance, alarge negative value can either mean that the behavior is being ignored
completely by the model, or smply that it does not receive emphasis proportional to that of the
high-frequency events (this, for example, is probably what is going on in the series of negative
values for Kosovo in the P3-LOW model, and Bosniain the N3-LOW model). (The very larget-
values—thosein excess of 10.0, or even in excess of 100.0—are usually associated with codes that
occur only rarely and hence have standard deviations and means close to zero; these are usually
associated with Kosovo.)

Beyond this, severa genera points are evident from these tables. First, al of the models,
whether high or low, P or N, disproportionately pick up on WEIS "comment" and "consult" codes
towards Bosnia (and, in some cases, Croatia), and usually from Serbia. Second, thereisa
consistent pattern of the high models having a probability of non-eventsthat is much lower than
expected by chance, where the low models have anon-event probability that is higher than chance
(though usually with t-scores about 2 to 3, whereas the non-event t-scores in the high models arein
the negative tens or hundreds). This reinforces what is becoming one of the fundamental of event-
data-based early warning: the existence of areport is at least asimportant as the content of the
report. Third, and unsurprisingly, violent behavior by Serbia—demonstrations, reduced relations,
expulsions—isimportant in the high models, but not the low models.
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TABLE 1la

HIGH CONFLICT PARAMETER T-TESTS AGAINST MARGINALS FOR MODEL P3

State 1

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 2

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

-41.449

>BOS
8.235
7.563

-4.286

CRO> >CRO
-4.238
--- +++
+++
+++
+++ -
-2993 ---
+++ -2.042
-2.085
+++
+++
+++ -3.216
--- +++
+++ ---
-2291 ---
+++ -
-11.002 -2.422
CRO> >CRO
--- +++
-2.955  ---
+++ -
ox
P
-2.302
-3.751 -6.533
+++ ---
+++
--- +++
+++ -3.159
-11.873  +++
* k%

KSV> >KSV
-3.440 -
+++
-3.614
-3.429
-8.630 -5.273
-540.692 -7.584
-3.639
* %% o
-2.246
-2.246
-6.423 -
-2.019
KSV> >KSV
-3.245 -2.345
-2.779 -5.296
-6.024
o * Kk Kk
-5419 -
-3.694
-8.745 -4.759
-3.079
-3.416
-5.694
-6.014
+4++ -
-4.265
-4.265
-2.486
*xx  _4.386
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TABLE 11b.

LOW CONFLICT PARAMETER T-TESTS AGAINST MARGINALS FOR MODEL P3

State 1

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 2

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

BOS>
-3.021
-3.305

* %%

+++
-2.344

BOS>
-2.686
-5.039
-3.229
-6.613
-8.145
-3.781
-2.036

* k%

+++
-4.314
-6.935
-2.355
-9.357
-45.513

-8.092
-3.597

-11.142
-2.038
1.993

>BOS

10.613

9.396
-2.992
-3.185
-2.036

-4.489

>BOS
4.700
5.660
-4.744

+++
+++

-3.552

CRO> >CRO SER>

2.106

2.044
2.339

+++
-4.645
2.334

+++

2.251
2.280
-2.170
2.501
+++

CRO> >CRO

+++
-3.004

>SER

9.739

KSv>
-2.284

* Kk

* %%

-3.689
-3.875

-5.106

>KSV
-2.110
-3.513
-3.819
-2.744
-3.730
-4.072
-2.746
-7.254
-3.731
-3.569
-2.986

-6.134
-5.018
-19.038
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TABLE 11c.

HIGH CONFLICT PARAMETER T-TESTS AGAINST MARGINALS FOR MODEL N3

State 1

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 2

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

BOS> >BOS CRO> >CRO

-8.849

7.624
4.392

--- -2.471
--- +++
--- -3.524
--- -2.325
-6.945  ---
-2.367 -32.017
+++ -
--- +++
2.861  ***
* k% o
+++ -
-6.470 -2.171
* % % o
CRO> >CRO
-2.061 -2.775
-2335 -
_—_ * k%
--- +++
--- -2.048
+++ -
+++ -
-2.619  +++
--- +++
At KRR
e * % %
--- +++
-8.688  +++
-2.062  ---

>SER KSV> >KSV

9.578  ***
---  -10.062
57719 ---

+++ -
-3.422 -3.088
-4.190 -14.170

>SER KSv>

7.518 -81.591
*x*% 10,333
2243 -

+++ -
-3.019 -14.131
3114 -

-2.413 -81.591

-2001  ---
+++ -
-2100  ---

-10.030 -2.066
-2.662 -6.771

-33.386

-20.709

-81.591
+++

-08.116
-20.400

-68.371

-147.690

-6.566
-5.912

>KSV
-18.838
-10.953

-4.113
-10.227
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TABLE 11d.

LOW CONFLICT PARAMETER T-TESTS AGAINST MARGINALS FOR MODEL N3

State 1

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 2

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

BOS> >BOS
2319  *xx
— 3921
-2.326  4.006
2238 ---
--- +++
-~ -6.053
-11.594 -8.933
-4.863 -5.890
-2.734 +++
- -4190
-7.449 -
-2.150
-199.153
-7.957
- 4334
-4137 -
-2.660 -3.320
- -5902

* k%

-3.230

BOS> >BOS
-3.791 -4.067
-4534 3.671
-3.198 4.490

+++
-3.838
-2.711

-4.189
-7.994
-3.318
-2.498
--- -2.622

- 2413
2601 -

-3.705

* Kk

-3.605
--- +++
--- -5.320
--- -4.059

+++
-9.893
0.908

-6.976

CRO> >CRO SER>
2059 - -

_—_ * k% _—_
+++ 4024  +++
--- --- -9.946
--- +++ -3.205
_—_ _—_ * k%
--- --- -2.441
--- --- 2.043
3634 - ---
ok
+++ - ---
2246  --- ---
--- - +++
2795 - ---

* k% _— _—
CRO> >CRO SER>
+++ - ---
--- --- -4.211
+++ - ---
--- 2.529 -4.810
--- --- +++
* k% * k% * k%
--- --- +++
--- --- -7.115
--- --- -3.241
* %% * %% o
--- --- -5.090
--- 2079 -
--- --- -2.512
2.043  +++
*xk --- -2.226
--- --- +++

>SER  KSV> >KSV
* % % _—— J—

6.832 --- -

—e _—_ * % %

2332 - -

- 52673 -

- —  -3804

*k* _—— —_—

+++ - +++

* % % _—— _—— _—
-3.851  --- -
o aw
e -

>SER  KSV> >KSV
3509 --- -17.856

- -9154 -8.159

- — 4416
4244 - -

2180 ---  -4.656

- -131.165 -14.831
3055 -~  -2.085
-3251 ---  -131.165

- 4718 -

+++ -

- 40279 -

2836 --- -73.328

. _—_ * % %
-32.017 - -

xkk . 4468
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MARGINAL PROBABILITIES, 3-MONTH HIGH MODELS STATE 1
P3 - HIGH - STATE 1

DIFFERENCE-OF-MEANS TESTS BETWEEN ESTIMATED AND

Schrodt: Forecasting Conflict

Figure 13a
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MARGINAL PROBABILITIES, 3-MONTH LOW MODELS STATE 1
P3-LOW -STATE 1

DIFFERENCE-OF-MEANS TESTS BETWEEN ESTIMATED AND

Schrodt: Forecasting Conflict

Figure 13b
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Differences between the high and low models

T—ests were run for the differences between the high-conflict and low-conflict forecasting
models. The differences between the observation probabilities in the high and low models
generally show more cons stent patterns than the parameter values themselves. The tables and
maps show the difference of means of the high model minus the low model, so positive values
indicate that the high moddl is higher.

The most obvious feature of both the tables and the mapsis that amost al of the values are
positive. Thisisan effect of the much lower number of non-eventsin the periods preceding a
high-conflict period. Inthe N3 model, most of the differencesinvolve Bosniaand Kosovo in the
state 1 model, and in the state 4 model, behavior towards K osovo—cooperative and
conflictual—dominates. These strong results on Kosovo are undoubtedly duein part to the small
standard deviations, but emphasis on cooperative events may also reflect attention by the
international community towards Kosovo when tensions in the region heat up. Serbian reductions
of relations and expulsions are picked up disproportionately in the state 1, but not the state 4,
models, and curiously so are grants and rewards. In state 4, the high model |ooks at agreements
across all of the dyads—this probably reflects international attemptsto mediate. Interestingly, the
maps for all models and the best models are almost identical.

The P3 model is quite different (and, in contrast to the N3 model, the all and best models are
different). Thismodel puts far more emphasis on violent behavior that is coming from Serbia, and
Kosovo is generally ignored in the state 1 model. The state 4 matrix, in contrast, tends to ook
similar to the patterns found in the state 4 matrix of the N3 model, albeit with substantially more
emphasis on Bosnian behavior.

The tables a so report t-tests on the differences between the Markov probabilitiesin the
models. Here one finds a consistent pattern: in the P-type models the recurrence probabilities are
consistently (and often dramatically) higher in the high modd than in the low model; the opposite
isjust as consistently true for the N-type models. In the case of the N-type models, this may
simply reflect the tendency of the low model to have fewer states than the high model, but that also
holds for P-type models, albeit in general the P-type models have fewer states than N-type models.
The datistics in the tables as awhole (including those not presented here) provides some evidence,
in the form of much lower prior transition probabilities, that the P-type high model is generally
moving forward, state by state, whereas the low model smply fluctuates forward and backwards
between several different states. Thiswould be consistent with the high model showing escalatory
behavior while the low model handles a background of fluctuating behavior. 1n the N-type model,
this pattern isreversed: the high model fluctuates, whereas the low model shows de-escalation.
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TABLE 12a

HIGH .VS. LOW T-TESTS FOR MODEL P3

State 0

Prev_Trans

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 1

NaN

BOS>
+++

3.122

*k*

+++
2.063
3.293
-4.815

Prev_Trans -10.373

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

BOS>

2.066
-2.717
4.043
-4.185

>BOS

>BOS

+++

-2.671

* k%

*k*

2.188
-2.639
2.737

Same_Trans
CRO> >CRO

Same_Trans
CRO> >CRO

-2.064

-2.979
+++

Page 60

Next_Trans -3.224

KSV> >KSV
-2.562 -3.526
e
-3.653 -2.638
-3.161 -2.972

+++ +++
* k%

-3.552  ***
-2.406 -3.304

--- -2.547
-3.148 -2.087
-4.285 -3.109

--- +++
-2.931 -3.675

+++ -2.305
-2.981 -3.539

22774

-3.339 -3475

Next_Trans -1.410

KSv> >KSV
-2515 -3.784

-2539 -
+++

-2.807 -
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TABLE 12b.

HIGH .VS. LOW T-TESTS FOR MODEL N3

State 0

Prev_Trans

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

State 1
Prev_Trans

YIELD
COMMNT
CONSLT
APPROV
PROMIS
GRANT
REWARD
AGREE
REQEST
PROPOS
REJECT
ACCUSE
PROTST
DENY
DEMAND
WARN
THREAT
DEMONS
REDUCE
EXPEL
SEIZE
FORCE
NONEVT

NaN Same_Trans -3.352
BOS> >BOS CRO> >CRO SER>
+++ - 2.253
+++
L o007 wex xaw
-2.051
+++ -
*okk +++ +++
--- -2.259  +++ --- +++
el 2.193
+++ - +++ +++
* k% _—— _—— _—— _——
+++ -2259 - FHE
_—_ * k% _—_ _—_ _—_

* ook ko 3.409
_— _— * k% _— _—
2239 -
-2.402

3.853 Same_Trans -5.535
BOS> >BOS CRO> >CRO SER>
+++ -
+++ -
+++ - +++ -
+++ +++ -
2079 - 4514
3.516 3.680 --- *Ex
+++ * KKk --- --- ---
+++ - +++
2575 +++ - 2.623
+++ -
2450 - -2.098  ---
+++ - +++
+++ -
2157 -
+++ -
2420  +++ -
2646 --- *Ak
+++ S S—
2441  +++ -
-2.083

Next_Trans
>SER KSV> >KSV
_—_ * k% —
-2.622 -
*¥xx 2016
-2594 --- -2.175
+++ --- ---
-2.064
*Hx -2.723
+++ --- +++
+++ -2.051
--- +++ +++
-3.119 -
—_ * %k **k
T o s
+++ -3.112
Next_Trans
>SER KSV> >KSV
+++ -
--- +++ +++
--- +++ +++
+++ --- +++
+++
- +++ +++
--- --- +++
--- --- +++
-—- --- +++
* k% _—_ —
+++
*kx +++
* k% _— ——_—
--- --- +++
+++ -
+++
+++ --- -
--- +++ +++
-2.487  +++

3.352

4.039

Page 61



>KSV
KSVv>
>SER
SER>
>CRO
CRO>
>BOS
BOS>
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P3 -STATE 1-ALL

DIFFERENCE-OF-MEANS TESTS BETWEEN
HIGH AND LOW MODELS, P3 MODEL STATE 1

Schrodt: Forecasting Conflict

Figure 14a
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HIGH AND LOW MODELS, N3 MODEL STATE 1
N3 - STATE1-ALL

DIFFERENCE-OF-MEANS TESTS BETWEEN

Schrodt: Forecasting Conflict

Figure 14b.
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DIFFERENCE-OF-MEANS TESTS BETWEEN HIGH AND LOW
P3 - STATE 4 - ALL

MODELS, P3 MODEL STATE 4

Schrodt: Forecasting Conflict

Figure 14c.
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Schrodt: Forecasting Conflict

Figure 14d. DIFFERENCE-OF-MEANS TESTS BETWEEN HIGH AND

LOW MODELS, N3 MODEL STATE 4

N3 - STATE 4 - ALL
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Comparison of 1-month and 6-month forecast models

T—ests were run for the difference between the 1-month and 6-month forecasting models.
There appear to be few if any systematic differences—in fact in comparisons of the later states, the
number of significant t-values barely rises above the level expected by chance. Thisresultis
particularly strong in the low model estimatesin .best models, which would suggest that the most
effective low models are smply modeling the background activity in non-conflict periods, with
appropriate adjustment to maximize the distinctions between this and the high-conflict periods.

In the high models, there is a consistent pattern isthat there are more differencesin the early
states of the models. Thiswould suggest that more of the discrimination may be found in the early
states, which is aso consistent with how the HMM models themselves work: The best fit for a
sequence might involve simply cycling in the early states of the model, which should result in more
precise estimation of those states. Thisis aso consistent with the interpretation that these forecasts
are dealing with general shiftsin behavior (which involve relatively diffuse changesin the event
sequences) rather than amore finely-differentiated devel opment of a six-stage crisis that would
involve alarger number of distinct Markov states.

Three Experiments in Simplifying the Model

Asthe discussion above makes clear, one major drawback of the HMM approach isthe large
number of parameters. Because these parameters do not appear to exhibit any obvious
structure—widely different values produce roughly comparable results—it seems likely that many
of them are redundant. | therefore undertook two experiments to test the effects on accuracy of
substantially reducing the number of parameters, first by looking only at the activity of the
dominant actor in the system—Serbia—and then by reducing the detail in the event codes. | aso
looked at the effects of changing the classification variable from predicting conflict in asingle
week to predicting conflict in a1- or 2-month period.

Reducing the Number of Dyads: Serbia Only

Serbiais clearly the dominant actor in thiscrisis. During the 1990s, conflict in the former
Y ugoslavia shifted focus from Croatia to Bosniato Kosovo, but Serbia (and ethnic Serbs) were
involved at all of these stages. This suggested an alternative approach: just monitor the activity of
Serbia. Consequently | re-estimated a ssimpler model that involves only 45 codes:
[any source] -> Serbia Serbia-> [any target]

plus the 00 nonevent code. The remainder of the forecasting design was the same as before.
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The focus on Serbiawas also suggested by the fact that the model did not do very well at all on
predicting the outbreak of violence in Kosovo. This could be due to the fact that while the origina
model included eventsinvolving Kosovo, there wasin fact no rea precedent for violencein
Kosovo, and the reason that the model did not predict problemsin Kosovo might have been dueto
it "looking" for the wrong thing.

Tables 3 and 4 show the summary statistics on the accuracy of the smplified model. Interms
of overall accuracy, the results for the U and P models are aimost identical to the resultsin the 4-
dyad model, and the N model actually improves by about 10%! (Theimprovement in the N model
is duelargely to increased accuracy during the implementation of the Dayton accords). These
results are also mirrored in the analysis of the high and low-week errorsin Table4: TheU and P
models gain between 5% and 20% observed accuracy in the high conflict week, while losing only
about 2% observed accuracy in low-conflict weeks. The forecast accuracy of the U and P models
remains about the same. Inthe N model, the observed accuracy for high-conflict weeks increases
dightly (about 5% for the 3 and 6 month forecasts), and increases about 10% for low-conflict
weeks. Forecast accuracy increases about 7% for high-conflict weeks and stays the same for low-
conflict weeks. In amost none of these cases isthere a serious loss of accuracy when moving to
the smpler model.18

Figure 7 shows the 5-week centered moving average of the 3-N and 3-P Serbia-only models;
in general these show patterns (including mirror-imaging) that are similar to those found in the 4-
dyad models. However, the direct comparison between the Serbia-only and 4-dyad 3-N
models—shown in Figure 8—reveals several interesting differences. Firgt, as| had hoped, the
Serbia-only model is much quicker at picking up the cessation of hostilities following the Dayton
Accords—the two lines parallel each other during the period from July-1991 to October-1997,
with the Serbia-only model being about 30% more accurate. Second, there are two deep spikes of
low accuracy in the Serbia-only model that are not found in the 4-dyad model: these occur in late
1991 and late 1998. In both cases, the inaccuracy is due to false-positives: the model is saying
there will be conflict, but it is not reflected in the data. Both of these periods are followed by major
outbreaks of violence.

Thisanalysis suggests that this simple Serbia-only model may be more accurate than the more
complex 4-dyad model, despite the fact that the earlier model contains much more information.
There are at least three reasons that this might be true. First, smple models of socia behavior are
often more accurate, because the measurement errorsin an more complex model add more signal

18 The Serbia-only model also shows a greater likelihood of consistently being less accurate at longer horizons,
which would be consistent with that model having reduced amounts of noise.
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than noise® (This paralesthe experience of the State Failures Project, which started by looking
at several hundred variables, and found that al they really needed were half adozen.) Second,
"watch the bad guys" isintuitively plausible—Serbia has been the initiator of much of the violence
in thisregion, and when not the initiator, usually the target, so monitoring Serbiaaloneis going to
get most of the required information. Such an approach might not work in an area characterized
by atruly multi-actor conflict such as central Africa, or the Afghan or Lebanese civil wars. Finaly,
the underlying theory of sequence matching suggests that models should not be overly
specific—the whole point of the exerciseisto generalize. Inthis case, the generaization is across
all Serbian behavior, irrespective of target.

Table 3
Summary of Estimated Models: Serbia Only

Best Models All Models
Model # Models # Obsrv % Correct # Models # Obsrv  %Correct
1-U 8 3256 80.1% 32 13024 76.9%
3-U 7 2786 81.5% 32 12736 76.3%
6-U 2 770 79.9% 32 12320 74.4%
1-P 7 2849 81.1% 32 13024 76.8%
3-P 6 2388 81.2% 32 12736 76.3%
6-P 2 770 79.9% 32 12320 75.0%
1-N 31 12617 64.1% 32 13024 63.6%
3-N 30 11940 59.7% 32 12736 58.9%
6-N 32 12320 60.2% 32 12320 60.2%

191n the case of event data, coverage bias is probably the most important source of error: reporters go to where the
action is, and when the action isin Sarajevo, few reports will come out of Kosovo.
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Table 4a
High Conflict Weeks: Serbia Only
Best Models All Models
Model | Observed | Forecast Observed | Forecast
1-U 38.7% 51.5% 43.1% 43.3%
3-U 40.3% 58.1% 49.7% 43.9%
6-U 35.5% 55.1% 43.5% 41.1%
1-P 37.9% 55.3% 44.5% 43.3%
3-P 38.8% 57.4% 46.9% 43.7%
6-P 33.1% 55.6% 42.8% 42.1%
1-N 92.8% 35.5% 93.0% 35.2%
3-N 91.3% 33.1% 91.7% 32.7%
6-N 90.6% 34.1% 90.6% 34.1%
Table 4b
Low Conflict Weeks: Serbia Only
Best Models All Models
Model Observed Forecast Observed Forecast
1-U 90.6% 85.3% 85.5% 85.4%
3-U 92.3% 85.4% 83.3% 86.3%
6-U 92.1% 83.9% 82.9% 84.2%
1-P 92.2% 85.3% 85.0% 85.7%
3-P 92.4% 85.1% 84.1% 85.7%
6-P 92.7% 83.5% 83.8% 84.2%
1-N 56.8% 96.9% 56.1% 96.9%
3-N 51.3% 95.7% 50.2% 95.8%
6-N 51.8% 95.3% 51.8% 95.3%
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Figure 8.

Comparison of 3N Models, 5-week Moving Average

0:8 J l
o I
0.6 | y‘

0.5

\ P
| U

0.2

[
\\

v

<¥;
-q
=

[—
—

ﬁ——
‘_——/—
——

—

_
| ="
-

0.1

= R = R O I = O = A O = I = I = ==

— [Ts] =i - =] — un =3 - =] — [Ta] =3 — n = I ] [Ta] =] — [Ts] = I ]

L o L = L e = = = = = = =

— — — rord rJ ra r rA 1 [Ty [Ty L [Fu] [Tu I b= b= a] n] . I - |

(3] (3] (3] (] (] (3] (3] (3] (] [ I | (3] (3] (] (] (] (3] (3] (] (] (] (3] (3] (3] (]
‘ —— 3N-Serbia 3N-4 Dyads

Modifying the and Coding Scheme

A second experiment involves simplifying the coding system. Earlier work on conflict in the
Middle East (Gerner and Schrodt 1998) showed that in acluster analysis, it was possible to
substantially reduce the number of coding categories substantially without much lossin predictive
power (in fact predictive power might even be gained by eiminating sources of noise). | therefore
re-estimated the models using the following five-category system:

0. Non-event

1. Verba cooperation (WEIS categories 02, 03, 04, 05, 08, 09,10)
2. Material cooperation (WEIS categories 01, 06, 07)

3. Verba conflict (WEIS categories 11, 12, 13, 14, 15, 16, 17)

4. Material conflict (WEIS categories 18, 19, 20, 21, 22)



Schrodt: Forecasting Conflict Page 72

This reduces the total number of codes in the 8-dyad Balkans model from 177 to 33, which aso
substantially reduces the number of low frequency code categories. (Thisisaso likely to reduce
the effect of coding variance and coding error somewhat: Several of the “verba conflict” codesin
WEIS are ambiguous even for human coders, and the automated coding probably generates some
misclassification in those categories.)

The results of this experiment are given in Table 13a. As before, the models were evaluated
with 1, 3 and 6-month forecast lags, and with the P and N weighting scheme. 32 Monte-Carlo
genetic algorithm estimates were done for each set of experimental parameters. For purposes of
comparison, Table 13b presents the statistics for the original model in the same format.

In genera, the results of the new analysis are comparable to those of the original analysis. As
before, the drop-off in accuracy with the increasing forecasting lag is small—about 4% from the 1-
month to 6-month forecast lag—~but consistently there isasmall decrease. The overall accuracy
measure decreases about 4% for the P models and increases about 8% for the N models. The
largest difference in the results occurs with respect to the accuracy of the high-conflict predictions
in the P model s—these average about 18% better in the percentage of the observed high weeks that
were correctly forecast, albeit at the cost of an 8% decrease in the corresponding percentage of the
observed low weeks that were correctly forecast. The N model shows an 11% increasein the
percentage of the observed low weeks that were correctly forecast and a 5% increase in the
percentage of forecasts of high conflict that actually had high conflict. All of the remaining
statistics differ from the original model by less than 3%.

Thisanalysis clearly supports the results found in Gerner and Schrodt (1998)—the use of
simplified event coding systems at worst involves only asmall penalty in terms of predictive
accuracy, and at best can actually improve the accuracy, probably through the reduction of noise.
Thisis particularly important when automated coding is being used, since automated coding is
generaly less capable of making subtle distinctions between event categories, but generally is quite
good at making large distinctions such as the difference between cooperative and conflictual
behavior.20

20 |t should be noted that both this test and the earlier Gerner and Schrodt (1998) test use machine-coded data, so
this effect might be due to the errors found in that type of coding. However, this seems somewhat unlikely
given the magnitude of the effect, the fact that the overall error rate in machine coding is comparable to that of
human coding, and the fact that many of the categories that are ambigous in machine coding are also ambiguous
to human coders.
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Table 13a. Accuracy for 5-Category Coding System

Experiment %accuracy %high %low %high %low

correct correct forecast forecast
P1 74.4 46.2 81.5 38.9 85.6
P3 71.7 44.1 78.9 35.4 84.4
P6 71.4 44.2 78.8 36.4 83.8
N1 61.9 90.7 54.6 33.7 95.8
N3 57.8 87.0 50.2 31.4 93.6
N6 56.8 85.9 48.8 31.5 92.7

Table 13b. Accuracy for 1-Week Prediction Periods and 23-Category Coding

System
Experiment %accuracy %high %low %high %low
correct correct forecast forecast
P1 77.6 29.3 89.5 40.8 83.7
P3 76.0 29.0 87.9 37.9 82.9
P6 76.9 25.9 90.6 42.6 82.0
N1 54.2 92.7 45.3 28.1 96.4
N3 49.0 88.1 39.6 25.9 93.3
N6 47.7 88.5 37.4 26.3 92.8

Modifying the Prediction Framework

The final experiment involves modifying the criteria for making a prediction. As noted at a
number of points above, the objective of predicting the level of conflict in asingle week is
unrealistically precise—most predictions by human political anaysts are made over more generd
periods of time. Consequently, the classification variable was modified to indicate whether a high-
conflict week occurred during a4- or 8-week period following the forecasting-lag period. The
threshold for high-conflict was set at greater than 26 WEIS category 22 events for the 4-week
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period and greater than 57 WEIS category 22 events for the 8-week period; approximately 30% of
the periodsfall into the high-conflict category.

These results are reported in Table 14, the 4 and 8 prefixesin the “ Experiment” code refer to
conflict occurring in 4- and 8-week periods respectively. These runs were done with the 5-code,
rather than the earlier 22-code, system; and there were 32 Monte Carlo experiments for each
experimental condition.

Surprisingly, the overall accuracy changes very little from the results of the 5-code experiment
reported in Table 13a; almost all of the accuracy percentages are within 3% of the earlier results.
However, there are substantial changes in the pattern of the accuracy. Aswith the changein the 5-
code system, this change benefits the accuracy of the forecasts of the high-conflict months. Inthe
P model, the number of high conflict periods correctly predicted increases by about 13% for the 1-
month and 3-month forecast lags, and the percentage of high conflict periods where high conflict is
actually observed aso increases by about 13%. Inthe N model, the percentage of high conflict
periods where high conflict is actually observed also increases by about 10%, but there is almost
no change in the the number of high conflict periods correctly predicted. Because the overall
accuracy changes little, these increases in accuracy for the high-conflict periods are compensated
by decreasesin accuracy for the low-conflict periods, though those percentage changes are
smaller—typically around 4%—because the number of low-conflict periodsis larger.

These results were somewhat unexpected: | had expected that predictions for the longer
periods would be more accurate because they would not be subject to errors due to the random
week-to-week variations within a period of high conflict. 1nasense, thisiswhat occursin the
higher prediction accuracy for high-conflict periods. However, that has relatively little impact on
the overall accuracy, which is dominated by the low-conflict periods and low-conflict is highly
autocorrelated. The results are consistent with the model is picking up very general characteristics
of the behavior that change only dowly over time, rather than looking at indicators for specific
weeks, despite that choice of the classification variable; thiswill be discussed in greater detail
below.
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Table 14. Accuracy for 4- and 8-Week Prediction Periods and 5-Category Coding

System
Experiment %accuracy %high %low %high %low
correct correct forecast forecast
4P1 70.7 59.6 75.5 51.2 81.3
4P3 69.1 55.0 75.4 49.9 79.1
4P6 67.1 47.3 75.6 45.4 77.1
8P1 72.8 59.4 78.2 52.3 82.8
8P3 69.6 58.9 74.0 48.4 81.3
8P6 69.7 51.6 77.5 49.2 79.1
4N1 62.1 89.2 50.4 43.7 91.6
4N3 56.8 87.4 43.2 40.6 88.6
4N6 55.3 85.4 42.5 38.9 87.2
8N1 64.9 89.6 55.0 44.5 93.0
8N3 59.1 86.9 47.6 40.7 89.8
8N6 58.5 86.3 46.8 40.7 89.0
Conclusion

The overdl conclusion of thisanaysisisthat hidden Markov models are arobust, though
hardly flawless, method for forecasting political conflict, at least when applied to area such asthe
former Y ugodaviawhere substantial information about political eventsisavailable. From the
standpoint of pure prediction, the models are credible.

Unfortunately, these models are less useful from the standpoint of inference; in particular, it is
very difficult to figure out what information the HMM is using to make these prediction. At
various points in the discussion above, | have noted some clear—and generally plausible—patterns
in the estimated probabilities. However, in generd it has proven quite difficult to make much sense
out of these. Thisisnot to say that this exercise has been useless—without looking for patterns,
there was no way to know they were not present—but a series of experiments trying to find
patterns in these coefficients has not produced any obvious results.
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There are a couple of likely reasonsfor this. First, these forecasting models have relatively
long time horizons. The common-sense signs of short-term escalatory behavior such as demands,
threats and small-scale incidents of violence will not necessarily be found at three and six month
horizons or, in this data, even at one month. (One sees alittle bit of this, for examplein behaviors
coming from Serbia, or towards Bosnia and Kosovo, but not alot).

What the models seem to be picking up instead are relatively diffuse indicators, and often as
not, ssimply increased attention to the area by the international media (aswell asthe international
community. For example, one would expect that if aNATO commander or UN representative
called attention to some issue, Reuters would almost always report it, whereasif the mayor of a
village made the same comment, this might be ignored. Some of these indicators may be indirect:
For example | initialy viewed the emphasis in the high-conflict models on Kosovo to be a
statistical artifact, but this could also be reflecting that fact that after 1991 or so, the international
community consistently responded to aggressive moves by Serbia by warning Serbianot to do
anything in Kosovo, and these activities are probably picked up in the data set. The presence or
absence of non-eventsis clearly very important, aresult that was expected—the fact that the
international media are reporting on an areaiis by itself auseful indicator.

The interpretation of the coefficientsis further complicated by the fact that we are dealing with
probabilities—which by definition sum to 1.0—s0 an increase in one probability necessarily leads
to adecrease in another. Add to thisthe propensity of interactionsin event datato be symmetrical,
and the fact that the codes are aggregated not only within the four actorsin the Balkans, but also
interactions between those actors and the international system as awhole, and the determination of
the parameters gets very complex. In particular, it is quite different from the more familiar task of
interpreting regression coefficients, which (in the absence of significant collinearity) are more or
less independent of each other in value.

Thisisfurther complicated by the problem of the indeterminancy of the estimates produced by
the Baum-Welch agorithm. Thisindeterminancy does not seem to be dealt with in detail in the
HMM literature—most HMM applications are solely concerned with prediction, not
inference—but where it is mentioned, the experience that | have had estimating these models
appearsto betypical. | have done a series of additional unreported experiments to attempt to find
ways to reduce the variance of the estimates—increasing the number of templates used, varying the
parameters of the genetic algorithm, changing the convergence conditions of the Baum-Welch
algorithm, and setting the initial observation probabilitiesin the vicinity of the margina
probabilities of eventsin the data set as a whole—and none of these had amajor impact. Thereis
some limited evidence that the variance in the accuracy of the models estimated with the 5-code
system islessthan that of the 22-code system, but the variance in the parametersis still quite high.
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Finally, the sheer number of parameter estimates generated by these HMMs complicates the
problem of interpretation. The HMM models may be similar to neura networks in this regard: the
diffuse coefficient structureis the model's way of dealing with the high degree of uncertainty in the
underlying data, and the complexity of tradeoffs between the parameter val ues makes them almost
impossible to interpret in asimple fashion. Doing afull interpretation would idedlly involve five
dimensions of comparison—WEIS category, dyad, Markov state, weighting scheme and high/low
model—which is three dimensions more than most people can deal with. I've focused here on two
weights, one or two Markov states, and a two-dimensional actor-by-code comparison, but that
obvioudly leaves plenty of other possibilities that have not been explored.
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