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Abstract—Machine learning has made slow inroads into quan-
titative social science due to both a mismatch of machine
learning’s strengths to the causal and inferential tasks domain
researchers pursue [1] and also a lack of algorithmic training
among many domain experts [2]. However, conflict research—
the empirical examination of political unrest, violence and civil
war-has seen a growing emphasis on prediction and forecasting
models. We describe automated machine learning (AutoML) to
identify models, and human-guided machine learning (HGML),
and show how these can incorporate domain knowledge and
research requirements into model selection and assessment, and
provide high quality machine learning pipelines to domain ex-
perts comparable to state-of-the-literature solutions. We examine
three peer-reviewed papers with predictive models of conflict
[3, 4, 5] and run their data through our HGML system using
multiple AutoML engines and find this system produces slightly
elevated performance on each paper’s model, without any ML
expertise required of the user. Our research has three takeaways
for computational social science. First, predictive models of con-
flict would benefit from even minimal applications of AutoML;
Secondly, human-guided machine learning offers the attractive
option of constraining AutoML systems to address the kinds
of questions conflict researchers assess with predictive models;
Finally, current existing AutoML implementations produce diver-
gent solutions and so can be productively harnessed in parallel.

Index Terms—Human-guided machine learning; Automated
machine learning (AutoML); conflict forecasting.

I. INTRODUCTION

Machine Learning approaches to understanding empirical
data typically emphasize predictive accuracy over parsimony
or interpretability. As such, they can be harder to leverage for
the direct hypothesis tests employed for empirically testing
theories, as is the mainstay of quantitative political science
and the social sciences more broadly. Increasingly, however,
researchers use predictive models of conflict for multiple
purposes, including policy guidance [6], sensitivity analysis
[7], as well as theory comparison [8]. In hand with these
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purposes, machine learning has made increasing inroads into
the study of conflict.

Automated machine learning (AutoML) is a recently ex-
ploding approach to model selection and assessment in ma-
chine learning [9, 10]. Typically in classical machine learning
(ML), expert researchers construct an ML model that is
appropriate to key features of the data, and the machine
learning algorithm concentrates on optimizing a large number
of available model parameters to increase predictive accuracy.
The appropriate selection of the underlying ML algorithm to
match the task at hand, as well as routines for cleaning and
transforming the original data, require the manual contribution
of a researcher with ML expertise. Increasingly, however, in
industry and research an emerging goal is to provide ML
frameworks which can work off the shelf in easy to use
applications for those who are not ML experts.

The AutoML approach is to combine the choice of al-
gorithm, as well as the optimization of parameters and hy-
perparameters, as well as any necessary data transformation
steps, into one larger search problem. An AutoML system is
provided with data and a description of the problem, and the
system searches the space of potential models to find the best
solution to the problem, including all the steps necessary for
data preparation, feature selection, hyper-parameter tuning and
ensembling. However, the success of the AutoML approach,
to automate away all human contribution, makes it hard for
the resulting model to be either shaped by the underlying goal
of the researcher or leverage the domain knowledge about the
world they believe to be true. Human-guided machine learning
(HGML) is an approach for AutoML that reincorporates
domain knowledge directly into the solution by interacting
with users for guidance [11]. As Gil et al. define, the goal of
HGML is to create “...systems that allow a domain expert,
without a machine learning expert, to use relevant domain
knowledge to inform the automated search for a high quality,
impactful and interpretable model, including necessary data
preparation steps necessary for analysis.”

To allow the AutoML system to be guided by the domain
expert, we require it to allow the user to request fasks,
bounded, encapsulated points of guidance from the user to the
system. As an example, two variables may represent different



operationalizations of the same concept, and a researcher may
want to assess which variable yields better performance. To
conduct this test, the AutoML system must be constrained in
a way that aligns with the researcher’s objectives. We consider
here an extensive (and growing) catalog of tasks that we
believe cover the empirical workflow and needs of quantitative
social science researchers.

This paper has two goals: first, to investigate whether
task oriented HGML interfaces provide sufficient control of
machine learning systems to replicate the work of expert
quantitative researchers.Second, to present initial results from
our system to demonstrate that, given a dataset and a problem,
the system is able to automatically produce models that
perform comparably to those in the peer-reviewed literature.

II. FROM AUTOMATED TO HUMAN-GUIDED MACHINE
LEARNING

To discuss automated machine learning (AutoML) and
human-guided machine learning (HGML), it is necessary to
distinguish a predictive model from an inferential model.
We summarize James et al. [12, Chapter 2], who describe
the difference well. To begin, we can write the relationship
between a variable Y and a set of variables X as

Y =f(X)+e (D

Since f in unknown, we instead form an estimate f under
some particular modelling assumptions. Any f (X), whether
considered predictive or inferential, is a model that can pro-
duce predicted values, Y. We refer to these models as solutions
seSs. A
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A predictive model emphasizes the ability to predict Y. This is
different from an inferential model, where the emphasis is on
estimating the expected change in Y as a function of a change
in X. To specify a good predictive model, we cycle through
solutions to find the one that performs best. Each s is assessed
with performance measures, such as accuracy or precision if
the task is classification, and R? or root mean squared error
if the task is regression. Performance measures typically take
observed and predicted values as input, P(Y, fS(X )). Holding
the data X and Y constant, performance measures allow direct
comparison of solutions. Generally, the “best” is the one with
the best performance, although researchers often value factors
in addition to performance.

Given the above description, there are two ways to improve
performance in predictive models. First, we try to figure out
the fS(X ) that we expect to perform best in out-of-sample
testing. A solution, then, includes all modeling decisions we
make when holding data X and Y constant to allow for
comparison of performance measures. This includes the choice
of learning algorithm (e.g., logistic regression and random
forest), methods for imputing missing data (e.g., list-wise
deletion and multiple imputation), handling of outliers (e.g.,
dropped or down-weighted), dimensionality reduction (e.g.,
principal component analysis), methods for class imbalance

(e.g., over-sampling and case-control methods [13]), approach
to cross-validation (e.g., k-fold and rolling forecasts), and
variable specification (e.g., transformations and interactions).

The second way to reduce error is to decide on what
variables to include in X to begin with. One approach is to
not constrain X and include all predictors that are considered
reasonable. More predictors increase predictive performance in
a given sample, while out-of-sample testing attempts to prevent
over-fit solutions that do not generalize beyond the sample.
However, a predictive model is one that emphasizes the ability
to predict Y. This does not mean, necessarily, that we value
nothing but the ability to predict Y. For example, researchers
may value parsimony, and require that any solution contain
no more than 5 or 10 predictors. Others may value theoretical
consistency, and thus each X is tied to a particular theory.

An AutoML system searches over the solution grid S sys-
tematically. An HGML system incorporates domain expertise
into that search to identify appropriate modeling decisions that
constrain or aid this search. Another way to phrase this is
to say that an AutoML system can provide the “best” solu-
tion purely with regards to predictive performance. However,
the HGML system can optimize performance conditional on
models that satisfy the domain expert’s quantitative goals and
leverage their substantive knowledge, to find solutions that
better fit the researcher’s vision of “best.”

III. APPLYING HGML TO MODELS OF CONFLICT

Conflict research has seen a growing emphasis on prediction
and forecasting models [14, 15]. This includes civil war [16,
17, 18], genocide [6, 19, 20], international conflict [4, 21,
22], terrorism [23, 5, 24], repression [25], protest [8], political
regime change [26, 27], and state failure [13, 28]. There is also
a literature on forecasting models that emphasize interactions
among smaller numbers of actors, often with event data, and
often with an emphasis on conflict [29, 30, 31, 32]. Due in
large part to its forecasting value, systems have been developed
to automatically code event data in near-real time, as well as
provide direct API access from R statistical software [33, 34,
35].

One of the reasons why prediction has become more central
in the study of conflict is because it forces researchers to
focus on overall model performance, rather than individual
variable significance [36]. This is important because the field
has identified a large number of factors associated with all
components of conflict (e.g., onset, duration, and termination)
for the different types mentioned above.! Most of these factors
are relatively minor contributors to model performance, yet
their impact is statistically significant in the same way that
the impact of other, relatively major contributors, are statis-
tically significant. With an emphasis on model performance,
researchers can disentangle the major contributors from the
minor ones, and in doing so provide policy makers and
analysts with parsimonious models better suited for policy
guidance.

'A “large number” on the order of hundreds, but not thousands.



Theory testing and comparison is also critically tied to
model performance [37]. [21] and [22] test the Kantian Peace
using model performance metrics. [8] compare grievance-
based, resource mobilization, modernization theory, and politi-
cal opportunity theories. Although not as explicit in their com-
parison of theory, in forecasting irregular leadership changes
[27] identify “thematic models” as a starting point. These
include leader characteristics, public discontent, and global
instability, among others. [7] test a single hypothesis—states
that are neither democratic nor autocratic, but somewhere in
the middle, experience more conflict and violence—across
many types of conflict. With an emphasis on performance,
researchers can test and compare theory directly.

As the the emphasis on forecasting and prediction grows,
the set of modeling decisions, referred to as the solution
grid S, expands. Consider the two motivating cases above.
In the first, we want to identify the predictors that contribute
most to the performance of the model. That is, the goal is
to identify a parsimonious model with strong out-of-sample
performance. One option here is to begin with a large number
of variables (X) and cycle through sets, subject to some
parsimony constraint (e.g., something as simple as “no more
than 5 predictors”), to find the solution that performs best.
The already large X becomes even larger when we con-
sider these variables may be transformed or interacted. We
might also iterate through imputation methods for missingness,
imbalance methods because conflict is rare, approaches to
cross-validation since panel data has temporal and spatial
dimensions, ways to account for spatial and temporal patterns
in the model itself, and choice of learning algorithm since
some capture non-linearities and latent dimensions better than
others. Thus, researchers are faced with a choice for X and
a choice for f (X). Further, these are not two independent
decisions. Combinatorics suggests this solution grid becomes
large, fast.

In the second case, for theory testing and comparison,
we might consider choice of X to be much smaller and
perhaps even fixed. For example, there may be sets of variables
associated with different theories, as in [8] and [27]. Or, a
researcher may have a new theory that she wishes to compare
to an existing one. Either way, it is still important to search
over the solution grid and not fix the learning algorithm
or other model decision a priori. For example, a researcher
might compare her theory to a grievance-based theory using
a logistic regression. Let’s say the results suggests better
performance with the grievance theory and no meaningful
value added from any of her variables. However, a random
forest and a neural network both suggest the researcher’s
model outperforms the grievance model. This outcome is
realistic because both random forests and neural networks are
designed to capture non-linearities, while a logistic regression
is not. Perhaps the logistic regression was under-specified and
the researcher’s variables should have been interacted with an
omitted variable. Or, the omitted variable might be latent and
difficult to operationalize effectively. For example, power and
fear are both valuable theoretical concepts that play complex

roles in theories of conflict. Capturing such dynamics is the
motivation behind the use of a neural network in [38].2

It is unrealistic to expect researchers to manually search this
grid. Instead, we propose AutoML to search over that solution
grid efficiently and systematically, and HGML to incorporate
domain expertise into that search to identify appropriate mod-
eling decisions. This approach allows researchers to expand
the number of models tested, and to have greater confidence
that the model they report is indeed the best performing.

Our approach also provides a meaningful model for com-
parison, but one that is specified in a different way than
the literature currently assumes. [37] discuss the role and
value of benchmarks in predictive models, and state, “Such
benchmark models can take two forms: they can either reflect
the most recent or best-accepted model already established
in what we will call a state-of-the-literature model, or they
can reflect the best model one can specify without relying
on theory in what we call a baseline model” (p150). While
the latter might be reasonably straightforward, at least con-
ceptually, the former is not. What, precisely, is a state-of-the-
literature model? Despite the fact that performance measures
are numbers where high (or sometimes lower) is better, the
numbers are not always comparable. For example, perfor-
mance is not perfectly comparable when the out-of-sample
test set covers a different time period or has different spatial
coverage. The parsimony constraint that researchers place on
their model can be different, and the important predictors may
vary by learning algorithm. In the conflict literature, some
models predict the onset of conflict and will typically drop
observations of ongoing conflict [39, 40, 41], some maintain
the time-series and predict conflict (in which case, a lagged
dependent variable performs well as a predictor) [42, 23, 43],
and others predict the transition from either peace—conflict
or conflict—peace [16, 44, 18]. Recreating models to reflect
the design needed for comparison to a state-of-the-literature
model may be extraordinarily difficult.

Another issue with the development of a state-of-the-
literature model is that such models can become fixtures,
despite the fact that they are no longer a reasonable state-
of-the-literature model. For example, the model of civil war
onset reported in [45] has been used for comparison in [3],
[17], and [46]. To be fair, these papers use the Fearon and
Laitin model appropriately and advance our understanding of
conflict modeling, but at the same time they demonstrate how a
state-of-the-literature model can become a fixture. We should
also keep in mind that the Fearon and Laitin model is not
a fixture because of its out-of-sample performance; it is a
fixture because the model represents an attractive theory. If
our emphasis is on predictive modeling, then our benchmarks
should also emphasize prediction.

2As [38] state with respect to international conflict, “many qualitative re-
searchers expect the relationships to be highly nonlinear, massively interactive,
and heavily context dependent or contingent. Because these characteristics
would be missed with standard statistical approaches, particularly the typical
linear-normal models imported from studies of American politics, we adopt a
form of the highly flexible neural network model. This type of model is well
suited to data with complex, nonlinear, and contingent relationships™ (p22).



The use of AutoML to search the solution grid, and HGML
to incorporate domain knowledge, enables researchers to iden-
tify benchmarks for comparison that are guaranteed to perform
well. Researchers can more easily set the modeling decisions
they want to hold constant, and allow other decisions to vary,
without the restriction of a state-of-the-literature model where
those decisions may have already been set. This is not to say
that we should blindly accept modeling decisions provided
by an automated system as a benchmark. But, if the system
identifies transformations or interactions as powerful out-of-
sample predictors, then a researcher should consider whether
this predictor is sensible. If it is, then there is no reason that
should be excluded from a benchmark. Thus, there is a need
for an AutoML component and an HGML component. In the
following section we describe the system integration and the
points of contact between the front-end HGML system and
backend AutoML learners.

IV. SYSTEM DESCRIPTION AND INTEGRATIONS

The HGML system described here is the latest application
developed as part of the TwoRavens project [47, 48]. These ap-
plications share a common codebase (github.com/tworavens),
and a broader goal of facilitating quantitative reasoning for
domain experts, primarily in the social sciences.

In our applications, the bulk of the data and the intensive
processing are all done on the back-end, while users interact
with a Web application. In this particular instance, we describe
an application that has been built as part of DARPA’s Data-
Driven Discovery of Models (hereafter D3M) program [49].
An underlying motivation of this program is to “automate the
data scientist,” which is to say build a system that enables
subject matter experts to harness the power of machine learn-
ing to solve their quantitative problems. Specifically, these
are individuals with domain expertise, including those who
have a deep understanding of the foundational theories in their
field, but whose statistical expertise is not in machine learning.
We expect such users can describe their problem and data,
but perhaps have difficulty identifying the many modeling
decisions that then comprise the solution grid.

The underlying purpose of our system is to connect domain
experts with solutions to their machine learning problems.
AutoML learners provide such solutions, and in fact automate
many of the modeling decisions. However, as argued in [11],
there is a need for HGML systems to incorporate domain
expertise into the automated search.

A. Front-end HGML Components

Here, we describe some of the core front-end HGML
components that comprise the TwoRavens Application. This
includes our three base modes: Explore, Model, and Results.
Each mode is intended to elicit information from users, and
provide information that helps users specify their problem and
find appropriate solutions. In our application, these modes
can be thought of as comprised of the more granular HGML
components described in [11].

To provide a sense for the application, Figure 1 is a
compilation of pieces from the Model and Results mode.

1) Explore: The Explore mode is intended to facilitate sim-
ple and descriptive data visualizations. Users select features
of interest, and the system draws an appropriate visualization
based on the data. For example, a user may select two
quantitative variables, e.g., GDP per capita and the infant
mortality rate, and the system returns a scatterplot. If one
of those features were nominal instead of quantitative, e.g.,
geographic region, then the system would return a box and
whiskers plot.

Explore leverages Vega-lite [S0], a grammar built on D3.js
[51]. Doing so allows our system to easily visualize diverse
types of data. For example, on ingest we automatically charac-
terize the data in abstractions, such as by denoting quantitative
or nominal. Then, after a user selects the variables to visualize,
we map the Vega-lite types to an appropriate visualization. The
variable types are stored in the metadata, and users have the
ability to refine these types.

2) Model: Our Model mode is where users specify the
many inputs to the AutoML search. This includes the task
type (e.g., classification, regression, timeseriesForecasting),
task subtype (e.g., binary or multiclass), and the performance
metric to optimize on. Users also specify the features to search
over and prior knowledge about these variables (eg. ordered
or categorical). In Model mode, users can manipulate the data
to form new features, such as by taking the natural log of
a feature or multiplying two features together. These kinds of
transformations are common in quantitative social science. For
example, in the model we replicate from [5] there are three
natural logs and three interaction terms.

Model mode also includes the problem discovery feature,
which is a set of problems that our system has identified as
potentially of interest. In this case, a problem is defined as a
combination of target variable, predictors, data manipulations,
and performance measure. Like Explore, this feature is in-
tended to help users sift through datasets to find relationships
of interest. It is the user’s domain expertise that is required to
shape the specific problem to submit to the AutoML learners.

3) Results: Finally, Results mode allows users to explore
solutions found by the back-end learners. In addition to the
performance metric, the system extracts predictions for all
observations in training data. These predictions are visualized,
for example as a Predicted versus Actual scatterplot in the
case of regression, and a confusion matrix in the case of
classification, and as empirical first differences and partial
effects plots. Examples of graphical interpretions of resulting
ML models are shown in the right of figure 1 and in 2. In the
case of DARPA D3M learners, the primitive components that
have been used to formulate the solution are described. For
example, if the learner does one-hot encoding for all nominal
variables, this is included in the solution description.

B. Back-end AutoML Learners

While the front-end extracts domain knowledge and guid-
ance from the user, this is converted into a task-oriented
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Fig. 1. TwoRavens Web Application

API call to a number of AutoML systems run on the back-
end. Our API is configured after the D3M API (openly
available as gRPC at [52]) developed as a general solution for
communication between user interfaces and AutoML systems.
While this API can directly call all D3M AutoML engines,
we have constructed additional wrappers so that is can also
call all the other AutoML systems in our trials. We briefly
describe the systems we used in our back-end in turn.

1) Data Driven Discovery of Models (D3M) systems: The
DARPA D3M project has spearheaded development of
ten competing AutoML systems by a diverse set of
research groups [53, 54, 55, 56], each sharing a common
library of algorithms. As an exemplar of these, we use
the Alpine Meadow AutoML engine [57] produced as
part of the Northstar data science system [58].

2) Auto-sklearn wraps the Sklearn framework and scikit-

learn estimators to automatically find solutions to ma-

chine learning problems (pipelines) created using the
elements of those libraries [10]. For this search, it uses

Bayesian optimization utilizing the tree-based approach

of the SMAC algorithm [59].

TPOT (short for Tree-Based Pipeline Optimization Tool)

uses a genetic programming approach to construct ma-

chine learning pipelines, using the scikit-learn estimators

as well as its own extensions [60, 61].

3)
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Fig. 2. TwoRavens Model Interpretation Plots

4) H20 uses a Java developed machine learning library
including random forests, GBMs, GLMs and neural nets
to construct solutions, and then additionally composes
ensembles of these [62].

MLBox contains a Python library of ML algorithms
oriented around sklearn [63].

mljar generates ensembles from eight ML algorithms,
including various versions of gradient boosting, random
forests, as well as KNN and neural nets, to create
predictions for either regression problems or binary
classification [64].

5)

6)

While there are stark differences between these systems in
the way they search for solutions, there is heavy overlap
in the libraries of data cleaning and ML algorithms they
are searching over. Thus it is an empirical question whether
their different search approaches lead to to divergent model
predictions, or instead whether any well-functioning AutoML
system is reasonably interchangeable with another. This is a
core question we attempt provide insight on.

C. An Integration Approach

The core TwoRavens Application consists of an HGML
front-end and multiple services which allow a user to explore
data as well as model and discover problems. The core
application consists of multiple containers including:

o« Web Application, which provides the user with a rich
user interface and orchestrates communication between
services. A key feature is a persisted workspace data
structure consisting of a user-specific problem space: the
dataset, summary metadata, discovered problems, and
specific solutions/pipelines for these problems.

Internal statistical services which include preprocessing,
automated problem discovery, and a variety of other
functions.

A persistent SQL database, which is used to track user
accounts and workspaces.

MongoDB, which is used to provide timely data transfor-
mations, subsets, and views of the dataset being explored.
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This data is not persisted over the long-term but may be
created using the metadata saved in a user’s workspace.

As part of DARPAs Data-Driven Discovery of Models
(D3M) program, a D3M Common API was developed to
allow consistent communication with a variety of AutoML
learners. Given a problem via the API, the AutoML learners
will search for solutions and then describe, fit, and score these
solutions.

The D3M Common API gives the ability to communicate
with multiple AutoML learners developed under the D3M
program, including those created by Brown University [57],
the USC Information Sciences Institute [54], and MIT [56].
Collectively, we refer to this class of AutoML learner as
DARPA D3M AutoML Services.

The API requests originate in TwoRavens as JSON and
are sent to the AutoML learners via gRPC, a Google-created
remote procedure call (RPC) framework that allows streaming
responses. When received, these responses are transformed
back into JSON and consumed by the TwoRavens system.

Ultimately these responses provide the user with solutions
that include prediction and score summaries, measures of
variable importance (empirical first differences and partial
least squares), and pipeline visualizations. In addition, the
application includes the ability to compare solutions.

Leveraging the D3M Common API, we have created
the TwoRavens wrapper, which allows the use of diverse
open source AutoML services. This wrapper allows the core
TwoRavens application to call the open-source AutoML learn-
ers with the same API requests used for the D3M AutoML
learners. Similarly, the responses from each open-source Au-
toML library are mapped to the D3M Common API format
and consumed by the TwoRavens application.

The open source backend AutoML learners include H20
AutoML, TPOT, and Auto-sklearn. It is notable that only the
JSON format, not the gRPC format, of the commands is used.

V. RESULTS FROM THREE AUTOMATED SELECTIONS

We experiment with three conflict models from the peer-
reviewed literature [3, 4, 5], each representing a different type

of armed conflict (international conflict, civil conflict, and
transnational terrorism). Using our HGML system, we obtain
solutions from a diverse set of AutoML learners to solve the
same problem as in the original research articles.

It is important to note that AutoML is intentionally designed
so that S’ contains nonsense solutions that perform well. For
example, a solution might contain an interaction of mountain-
ous terrain and IO memberships, a relationship that has no
theoretically grounding. It is not reasonable to constrain the
search to avoid all nonsense solutions—they should simply be
discarded by the domain expert. The point of a large .S is that
many sensible solutions do exist, and in fact far more than we
can think to test manually, and so we seek to identify the best
solutions and use domain expertise to select among them.

A. System Requirements

The system requires a dataset, a dataset specification doc-
ument, and a problem specification document. The schemas
used for the dataset and problem documents have been devel-
oped as part of DARPA’s Data-Driven Discovery of Models
program [49]. Full descriptions of the schemas can be found at
gitlab.com/datadrivendiscovery/. The data is split into training
data and testing data, which in this early stage was done
manually to parallel the split in the published papers.

The dataset schema itself is organized in two fields: about
and dataResources. The about field contains items for names
(e.g., an ID and a user-friendly name), versions, file sizes,
and licensing. The dataResources field requires information
about each data resource, which in the case of conflict data
each resource is likely a data table, and often there is only
one. For each table, dataResources contains information on
the path, the format (e.g., csv), and column-level information
that includes an index, a column name, a column type (e.g.,
“integer” and “‘string”), and a role (e.g., “index”, “attribute”,
and “suggestedTarget”).

In the problem document, the highest-level fields include
about, inputs, and expectedOutputs. The about field includes
names and versions, but also the problem type and subtype.
For our purposes, problem type is one of “classification” or
“regression,” but can take on other values such as “timeseries-
Forecast” and “linkPrediction,” both of which are applicable
to conflict modeling. The allowable problem subtypes is
conditional on the type, and for our purposes the most useful
distinction is “binary” or “multiClass” for the “classification”
type. The inputs field describes the target variable and where
to find it. It also describes the way the training and testing data
was split, and the desired performance metrics to compute for
each solution (e.g., “rocAuc” or “accuracy”). The expected-
Outputs field specifies where to write the predictions for each
solution.

B. Preparations

For a meaningful assessment of our system, it is important
to match the data, dataset document, and problem document
to the original publication. For each paper, we obtained
replication data and code. We then processed the data and



built dataset and problem documents to reflect the precise
comparisons.

[3] forecasts three types of political instability—civil war,
adverse regime change, and genocide/politicide—two years in
advance. The structure of the target variable is onset, which
means they forecast the likelihood that a country will have
some type of political instability two years out. Predictions are
made at the country-year level of analysis. They use a case
selection method where they have all cases of instability in
their sample and select cases of no instability at a ratio of 1:2.
This is a binary classification problem, and the performance
metric is accuracy. Although they conduct a true out-of-sample
test, which includes all country-years in the international
system, the data to do so are not included in their replication,
so instead we compare our cross-validation performance to
their in-sample performance reported in the “Full Problem Set”
model in Table 1 (p195). Specifically, their reported accuracy
is 81.4%, with a recall of 80.3% and a specificity of 81.8%.

[4] forecast international conflict, and are particularly in-
terested in the role of contentious issues. The target variable
is structured to represent the onset of conflict and predictions
are made at the dyad-year level of analysis, where a dyad
is a pair of countries. We prepared the data to include all
variable transformations (e.g., peace years polynomials) that
are present in their combined model. We also split the data
so that the training set was pre-1990, and the testing set
ranged from 1990-2001 using covariate values from 1989
(p20). This is also a binary classification problem, with the
performance metric here being the area under the receiver
operating characteristic curve (AUC). The in-sample AUC is
.92, while the out-of-sample is .90 (p23-24). The model we
replicate here is the Combined Model in Table I on page 22.

[5] predict instances of transnational terrorism with a focus
on the impact of democracy as a predictor. Their binary
classification problem is conducted at the dyad-year level
of analysis. They use a 10-fold cross-validation to estimate
out-of-sample performance, and use primarily AUC as the
performance measure. This is also a binary classification
problem where the performance metric is rocAuc. The model
we replicate is reported in Table 1 on page 27. It has an in-
sample AUC of .88 and an out-of-sample AUC of .89 (p29).

In each of the three cases, we prepared the data to include
all variables present in the model we replicate. We also
split the data so that our training data is identical to the
training data in the published paper. While we were able to
produce perfect replications for [4] and [3], our replication
is not identical for [5]. However, despite minor differences
in regression estimates and a 3.2% increase in the number of
observations, the inferences drawn are the same so we proceed
with our comparison.

C. Results

Table I contains the results for the three conflict models
from six different AutoML learners. As a point of comparison,
we use the prediction performance metric reported by the
original study authors, assuming that their subject matter

expertise on the quantity of interest to report guides these
choices. The number in parenthesis contains the difference
from the reported metric of the author’s published model in
each paper. Results in bold are the leading solution to each
problem. Given the nature of how the AutoML systems differ,
it is not always possible to generate predictions of the required
nature or on the required split for correct comparability, so
some systems are omitted from some comparisons.

We find that the HGML system slightly outperforms the
original expert created forecasting model in each of our
datasets, and essentially create high performing forecasts, with
no programming or data science expertise required. The best
performing AutoML engine varied by problem, encouraging
us in our strategy of searching across multiple AutoML
engines, although they were often closely comparable in the
performance metric.

TABLE I
RESULTS FROM SIX AUTOML LEARNERS
AutoML
Learner Performance Timing
Auto-sklearn 0.880 (+0.066) 30s
Goldstone et al. H20 0.971 (+0.157) 32s
(Accuracy=0.814) TPOT 0.837 (+0.023) 9s
In Sample MLBox 1.000 (+0.186) 28s
mljar 0.830 (+0.016) 371s
Alpine Meadow (D3M)  0.929 (+0.115) 1800s
Auto-sklearn 0.50 (-0.40) 600s
Gleditsch & Ward H20 0.94 (+0.04) 164s
(AUC=0.90) MLBox 0.95 (+0.05) 531s
Out-of-sample mljar 0.94 (+0.04) 700s
Auto-sklearn 0.50 (-0.39)
Gelpi & Avdan H20 0.95 (+0.06)
(AUC=0.89) MLBox 0.95 (+0.06)
10-fold Cross-val mljar 0.97 (+0.08)
Alpine Meadow (D3M) 0.54 (-0.35)

In related work benchmarking Auto-sklearn, H20 and
TPOT, the authors of [65] find that TPOT performs well in
regression models and auto-sklearn outperforms in classifica-
tion tasks. Our results show that those findings do not hold in
the above tasks when coupled to our HGML system.

We present some simple timing numbers but note that timing
is difficult to compare across systems. Some stream results as
discovered, while others complete a search before returning
all results. Some use an upper time bound that we tuned be
large enough to still return the best result we had witnessed
from that system. In the Gelpi and Avdan dataset we simply
gave all systems an hour.

VI. CONCLUSION AND FUTURE DIRECTIONS

We have described AutoML and HGML, with applications
to conflict modeling. Using the D3M Common API, we have
integrated our front-end system with a diverse set of back-
end AutoML learners. Then, we analyzed results using three
models from the literature on conflict forecasting. In each
of these we found solutions that performed better than the
original, given the authors desired performance metric.

In this initial test, we intentionally limited the system from
exploring the bulk of the solution space. For example, in



our tests the data was prepared identically to the data in the
publications. This means many of the modeling decisions,
such as Goldstone et al.’s case control method, Gleditsch and
Ward’s use of 1989 covariate values for all out-of-sample
testing, and Gelpi and Avdan’s use of a dummy variable to
indicate a transnational attack instead of an integer value for
the number of attacks, have already been fixed. Future tests
should reduce the number of fixed decisions, allowing more
variance on modeling decisions to fill the solution grid.

Additionally, in future work we anticipate expanding the
data and problem types for experimentation. Here, we limited
ourselves to models of conflict to focus on a particular
phenomena that is of substantive interest for a broader com-
munity of subject matter experts including policy makers, and
commonly uses predictive models. We opted for variation
on the type of conflict (international and civil wars, and
transnational terrorism) and structure of the data (country-
year and dyad-year), but many other data and problem types
are also relevant to conflict modeling and could have been
explored. For example, [44] models conflict transitions, not
just conflict onsets. [31] model a time-series of events. [66]
disaggregate the unit of analysis spatially and temporally.
Many other predictive models represent very different data
and problem structures, but such an exhaustive analysis is left
for future research.
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APPENDIX
LIST OF FEATURES FOR CONFLICT MODELS

The features listed here are those in each of the three conflict
models, as described in the results tables from those papers.
In our analysis we used only these features and excluded any
others in the data.

Gelpi and Avdan, Table 1, Model 1, page 27:

o Polity Score Target, Polity Score Origin, Target GDP
(logged), Target Logged Population, Target Major Power,
Origin Major Power, Colonial Tie, Ethnic Tie, Ethnic
X Post Cold War, Ethnic X Post-911, Dyadic Alliance,
Alliance X Post Cold War, Dyadic Rivalry, Post-Cold War
Era, Post-911 Era, Log of Distance, Peace Years Spline
1,2, 3, and 4

Gleditsch and Ward, Table 1, Combined Model, page 22:

o Previous MID, peaceyears, peaceyears?, peaceyears®,

Territorial claim, River claim, Maritime claim, Peace-
ful settlement attempt - territorial, Peaceful settlement

attempt - river, Peaceful settlement attempt - maritime,
Lower democracy score, Balance ratio, In(distance)

Goldstone et al., Table 1, Full Problem Set, page 195:

o Partial Autocracy, Partial Democracy with Factionalism,
Partial Democracy without Factionalism, Full Democracy,
Infant Mortality, Armed Conflict in 4+ Bordering States,
State-Led Discrimination
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