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Abstract—While machine learning models can produce accurate predictions of complex real-world phenomena, domain
experts may be unwilling to trust such a prediction without an
explanation of the model’s behavior. This concern has motivated
widespread research and produced many methods for interpreting black-box models. Many such methods explain predictions
one-by-one, which can be slow and inconsistent across a large
dataset, and ill-suited for time series applications. We introduce
a proxy model approach that is fast to train, faithful to the
original model, and globally consistent in its explanations. We
compare our approach to several previous methods and find both
that methods disagree with one another and that our approach
improves over existing methods in an application to political event
forecasting.
Index Terms—interpretability, explainability, causality, time
series, recurrent neural network

I. I NTRODUCTION
Machine learning (ML) methods have demonstrated their
ability to make accurate predictions across many domains.
ML methods can automate decision-making based on consideration of high-dimensional and heterogeneous data that may
be overwhelming for human domain experts. In high-stakes
domains such as clinical care or political decision-making,
high accuracy alone is not necessarily enough to motivate
expert adoption of automated systems. If a neural network
for medical image analysis arrives at a diagnosis and recommended treatment that contradict a physician’s judgment,
that doctor may be unwilling to accept the recommendation
without an explanation as to the system’s reasoning [29].
Yet modern neural networks, with millions or billions of
parameters, may be impossible for a non-expert to understand
[10]. Trust in ML models is a function of both accuracy and
explainability; model predictions need to be accompanied by
an explanation that can be interpreted by the people who will
decide whether to act on that prediction.
This need to understand model predictions has motivated
a large body of ML research into interpretability and explainability. The need for explanations introduces a number of
competing goals. The local versus global explanation trade-off
means that more detailed explanations for a single example
(local) can provide greater insights but may also make it
more difficult to understand overall trends (global) in the
model’s behavior if each explanation is overly specific to a
single example. Another trade-off comes in the division of
explainability methods into two types: explainable-by-design
models and post hoc explanations for an existing trained

model. Explainable-by-design requires training a model from
scratch, which is unattractive when an application-specific
model has already been developed and validated. However,
many post hoc methods explain a single example in isolation,
which can be slow and inconsistent across examples [30].
We balance trade-offs between local versus global explanations, and explainable-by-design versus post hoc through
the introduction of a proxy model. A proxy model is a new,
inherently-interpretable model that globally approximates the
behavior of a complex ML system. The proxy model itself is
explainable-by-design, but is trained to closely mirror the predictive behavior of an existing trained model. Whereas much
previous work was primarily developed for computer vision
applications and convolutional neural network (CNN) models,
our method draws inspiration from causal inference research
to control for the confounding effect of past predictions for
our time series application.
To validate our approach we consider a challenging task that
relies on a deep learning model: forecasting global disruptive
political events (i.e. irregular government leadership changes)
using a recurrent neural network (RNN). We compare a proxy
model for generating explanations against several methods
from popular explainability toolkits. We find that existing
methods are inconsistent, making aggregated understanding of
feature importance values difficult. Our proxy model is several
orders of magnitude faster than these methods for generating
explanations and produces globally-consistent estimates of
feature importance across examples, providing a more holistic
summary of the trained model.
II. E XPLAINABLE AI
Recognition of the importance of explanations has driven a
wave of research in Explainable Artificial Intelligence (XAI).
We summarize several relevant research trends that our work
builds upon. See [2], [8] for a comprehensive review.
“Post hoc” methods of explanation assume the existence of
a trained ML model that requires explanation. This popular
approach is representative of the common setting where an
effective model exists but is difficult to interpret; for example,
the model may be a state-of-the-art neural network with
billions of parameters [10], [11], [24]. This approach excludes
a variety of methods that are designed to train a new model in
such a way that it is interpretable by design [25], but this may
require substantial changes to an existing effective solution.

LIME [22] is one of the most commonly used post hoc
methods for explaining black-box ML models. LIME explains
a model’s predictions one at a time by perturbing the input to
the model and observing how those perturbations change the
output. It then fits a linear model to the (perturbed input, model
output) examples to produce a local explanation of which
features have the greatest impact on the model’s predictions.
LIME has been widely used to explain ML methods for tasks
ranging from predicting strokes [20] to labeling offensive
language [23] Despite widespread adoption, it has known
issues. First, sampling hundreds or thousands of perturbed inputs is expensive. Second, LIME focuses exclusively on local
explanations which do not lend themselves to aggregation that
can explain the model’s general behavior [3], [30]. Finally,
its sampling approach may also be vulnerable to adversarial
attacks that can produce misleading explanations which mask
malicious behavior [28].
There are many methods other than LIME that provide
explanations of black-box models. While a comprehensive
survey is outside the scope of this work [12], we consider three
widely-used salience methods, which use the gradient of a neural network to determine which features are most influential
for a given prediction. These methods take in the trained model
and its input and compute gradients of the model’s output with
respect to its feature values. We use implementations for these
three methods found in the iNNvestigate package [1]. The
first of these is referred to as “Simple Gradient” or “Gradient”
and is just the raw gradient of the prediction with respect to
the inputs [27]. Input × Gradient (I × G ) takes that same
gradient and multiplies it by the values of the input features
[26]. Layer-Wise Relevance Propagation computes gradients
in a modified backpropagation approach that maintains a local
conservation property, which can be viewed as a sequence of
Taylor decompositions [4], [17]. iNNvestigate provides
many additional methods based on other published work, but
we found that all other methods either could not run on our
non-CNN model or duplicated another method’s explanations.
Future work could compare against additional methods.
III. P OLITICALLY D ISRUPTIVE E VENT F ORECASTING
While our proposed methods are generally applicable to
ML systems, we focus on a challenging task with a complex
model: the forecasting of politically disruptive events. This
task highlights the ability of our proxy method to explain a
complex model with high-dimensional time series data.
Our data comes from Global Data on Events, Location,
and Tone (GDELT), which includes millions of geolocated
events [15] in the form of monthly aggregated counts of news
articles that reference events in 164 countries. These events
cover different types of political actions, e.g. “Threaten to halt
negotiations.” As the amount of news coverage ingested into
the GDELT dataset grows year-to-year from 2002 to 2019,
each month’s event counts are normalized by the total number
of events of that type worldwide. Our data supplements
GDELT events with country-specific features drawn from the
World Development Indicators (WDI) [7].

TABLE I
FAITHFULNESS EVALUATION USING S PEARMAN ρ, K ENDALL τ , AVERAGE
P RECISION S CORE (APS), AND ROC A REA U NDER THE C URVE (AUC).
Comparison

Crystal Cube

Ground Truth

Model

ρ

τ

APS

AUC

APS

AUC

Crystal Cube
Baseline
Proxy
L1 Proxy

1
0.024
0.907
0.923

1
0.020
0.799
0.816

1
0.033
0.904
0.869

1
0.504
0.995
0.989

0.037
0.009
0.029
0.031

0.776
0.506
0.770
0.778

Our goal is to utilize these features to forecast Irregular
Leadership Change (ILC) events drawn from [21], defined as
a political leadership change that does not follow the country’s
normal laws or conventions [5]. These events are rare, with
only 180 occurring in the data between 2002 and 2019. This
complicates training and evaluation, as a model can achieve
99.5% accuracy by never predicting an ILC event.
We begin with “Crystal Cube,” [6], [18] a pre-existing
model developed to predict ILC events from the GDELT
and WDI data. Crystal Cube uses an LSTM [13] with 1454
input features derived from GDELT article counts and WDI
statistics, with an instance representing each month for each
country. The model maintains a hidden state that is updated
each month before making a prediction, which allows the
model to capture ongoing changes in a country’s political
environment that may foreshadow an ILC event.
Crystal Cube achieves a ROC AUC score of 0.776 and
an average precision score (APS) of 0.037 for the task of
predicting ILC events. The gap between these metrics is due to
the imbalanced nature of the labels. [18] introduced the model
and demonstrated that it outperformed several forecasting
baselines. For comparison, our logistic regression baseline in
Section V-A (Table I) achieves an ROC AUC of 0.506 and
APS of 0.009. Crystal Cube is a complex neural network with
50 million parameters. However, it is also a carefully-trained,
domain-specific model that achieves good performance, and
thus we seek to create explanations for it, rather than replace it
by training an explainable-by-design model from scratch [25].
This makes it a perfect application for our post hoc proxy
model method. We refer readers to [18] for full details on the
dataset and model training and evaluation.
IV. P ROXY M ODEL E XPLANATIONS
We utilize a linear regression as a proxy model to explain
Crystal Cube’s predictions. Our proxy model takes as input
the same data as Crystal Cube but is trained to predict
its probabilistic outputs, rather than the binary ground-truth
labels. We model the output probabilities to allow the proxy
to learn from the detailed behavior of Crystal Cube, rather just
the binary decisions. The proxy provides explanations based
on its few parameters that can be individually understood
as measuring the contribution of a feature to Crystal Cube’s
predicted probabilities. Our work is closely related to that of
[31], though our focus is unique to time series data. In the
context of other explainable AI research, our approach is a post

TABLE II
M OST IMPORTANT FEATURES ACROSS METHODS

Feature (week offset)
Accede to demands for change in leadership (wk-1)
Accede to demands for change in leadership (wk-2)
Accede to demands for political reform (wk-1)
Accede to demands for political reform (wk-2)
Accede to demands for political reform (wk-5)
Appeal for change in leadership (wk-1)
Appeal for change in leadership (wk-2)
Appeal for change in leadership (wk-4)
Appeal for change in leadership (wk-5)
Demand release of persons or property (wk-2)
Previous Model Prediction
Threaten with administrative sanctions (wk-2)
World Development Index Feature 23
World Development Index Feature 3

Gradient
Rank Value
20
32
31
58
60
30
3
41
26
124

1.2e-3
1.1e-3
1.1e-3
9.8e-4
9.8e-4
1.1e-3
1.4e-3
1.0e-3
1.1e-3
7.9e-4

1 1.8e-3
1239 1.1e-4
1363 6.9e-5

hoc method [9] that is simulatible, algorithmically transparent,
and decomposible [16].
Unlike the sequential structure of Crystal Cube, our proxy
predicts the probability of a country’s ILC using only the
features of a single month. To address the time series nature
of the application, we also give the proxy model access to the
previous month’s prediction probability from Crystal Cube.
This draws inspiration from causal inference methods, in that
it allows our model to adjust for confounding of the Crystal
Cube’s prior state [19]. Because Crystal Cube is a recurrent
model, its month-to-month predictions are highly correlated.
Our proxy model seeks to explain the recurrent model by
pointing to which features in a given month caused the model
to change its prediction.
While a linear proxy model is easily interpretable, for it
to be effective it must be faithful to Crystal Cube’s predictions [9], [14]. In contrast to previous work (see Section II),
we can explicitly measure the faithfulness of our explanations
by evaluating how closely our proxy outputs match those of
Crystal Cube using a held-out test set of predictions.
Our training set consists of the GDELT and WDI data from
2002 to 2011, and our test set covers 2012 to 2019. Our loss
function is the mean squared error (MSE) between proxy outputs and the real-valued probability outputs of Crystal Cube.
To evaluate faithfulness, we compute the held-out Spearman ρ
correlation and Kendall τ correlation between Crystal Cube’s
predictions and the proxy model’s outputs. In addition to these
regression-based metrics, we threshold (at 0.22, following [6])
Crystal Cube’s predictions to create binary labels, and compute
ROC AUC score and APS comparing our real-valued proxy
outputs against these binary labels. Finally, we compute ROC
AUC and APS with true ILC event labels.
We use sklearn models to enable reproducibility. A simple linear regression model without regularization is denoted
as ‘Proxy’ in our tables. We then introduce an L1 (Lasso)
regularization penalty with α of 5e-5, which induces sparsity
into models coefficients. We denote this model as ‘L1 Proxy.’
We compare both proxies against a baseline logistic regression
(‘Baseline’) that is trained to directly predict the ILC event

I×G
Rank Value
4
2
5
3
62
71
36
22
52
170

LRP
Rank Value

4.5e-5
4.9e-5
4.4e-5
4.7e-5
1.4e-5
1.2e-5
2.0e-5
2.8e-5
1.6e-5
6.0e-6

912 8.4e-7
1 5.4e-5
29 2.6e-5

22
33
31
61
62
30
3
42
28
125

5.6e-4
5.2e-4
5.2e-4
4.7e-4
4.7e-4
5.3e-4
6.5e-4
4.9e-4
5.3e-4
3.8e-4

1 8.6e-4
1246 5.4e-5
1369 3.2e-5

LIME
Rank Value
85
28
154
132
301
59
7
13
112
1

4.1e-3
4.9e-3
3.3e-3
3.5e-3
2.6e-3
4.4e-3
6.3e-3
5.9e-3
3.7e-3
8.1e-3

1318 3.2e-4
66 4.3e-3
638 1.7e-3

Proxy
Rank Value
174
592
388
211
120
509
163
310
145
794
72
472
21
1

L1 Proxy
Rank Value

0.112
0.030
0.048
0.092
0.165
0.036
0.118
0.062
0.131
0.021
0.814
0.039
44.661
5.1e+2

2
5
14
21

0.178
0.096
0.029
0.021

9 0.042
6 0.056
1 0.862

TABLE III
JACCARD SIMILARITY BETWEEN METHODS

I×G
LRP
LIME
Proxy
L1 Proxy

Gradient
0.076
1.000
0.058
0.000
0.072

I×G

LRP

LIME

Proxy

0.076
0.058
0.506
0.169

0.058
0.000
0.072

0.024
0.030

0.000

labels, independently of Crystal Cube. We expect the baseline
to correlate with Crystal Cube as they model the same data,
but our proxy models should be much more faithful.
V. E VALUATION
A. Proxy Model Evaluation
Our first evaluation explores whether our proposed proxy
model approach is faithful to Crystal Cube. Table I shows our
evaluation of Crystal Cube, the logistic regression baseline,
Proxy, and L1 Proxy models on how well they predict the
held-out test set Crystal Cube predictions and the ground truth
labels for ILC events, using the faithfulness metrics described
in Section IV. All of these metrics have a maximum of 1.0;
Crystal Cube perfectly correlates with and predicts itself.
The logistic regression Baseline has almost no predictive
power for either Crystal Cube’s predictions or the true ILC
event labels. The unregularized Proxy model scores well on
all four faithfulness metrics, while losing 0.008 and 0.006
points on APS and AUC scores respectively for predicting
ILC events. Introducing L1 regularization further reduces the
APS and AUC scores against Crystal Cube, but increases the
correlation scores and the ground truth predictive performance.
While these results do not suggest we should simply discard
Crystal Cube and use our proxy models to predict events,
the proxies perform extremely similar to Crystal Cube across
the entire test set. Although L1 Proxy scores slightly lower
than Proxy on predictive metrics of faithfulness, with only 40
nonzero features (compared to Proxy’s 1455) it provides an
even simpler representation of Crystal Cube’s behavior.

Fig. 1. Distribution of feature values for local methods. For almost every
feature, the empirical distribution of importance scores contains zero between
its 2.5th and 97.5th percentiles. Local methods are not consistent in determining whether features make ILC predictions more or less likely. Whitespace
appears in I × G and LIME plots because there are 713 and 105 features,
respectively, where both the 2.5th and 97.5th percentiles are 0.

B. Differences Between Explanations
We now compare our proxy model explanations against four
methods for producing post hoc local explanations described
in Section II. Each local method uses the trained Crystal
Cube model and its input features to individually explain the
model’s prediction for each country and month. From the
iNNvestigate library released by [1], we use the Gradient,
I × G , and LRP methods for local explanations. LIME is our
fourth local method, using the LimeTabularExplainer
class in the published package. Due to runtime constraints,
we reduced LIME’s number of sampled perturbations from
the default of 1000 to 500, but otherwise left all defaults
unchanged. We run these methods across all countries and
months in our train and test sets. Table II shows the top
features across methods when aggregating by taking the mean
absolute value of each feature importance across all examples,
regardless of the ground-truth ILC event label and whether
Crystal Cube correctly predicted it. For each feature, we show
its rank and its mean absolute importance according to each
method. The table shows several top-ranked features, revealing
several trends:
1) The scale of importance scores is different between
methods; I × G has a maximum value of 5.4e-5 compared to Proxy at 5.1e+2.
2) Many of the top features are either “accede to demands”
or “appeal for change” events. However, even if we focus
only on the “appeal for change in leadership” events
within the same method, we see large variance in the
feature importance and ranking between weeks.
3) Gradient and LRP are the most correlated methods,
whereas Proxy and L1 Proxy are surprisingly unrelated.

Fig. 2. Log-scale histograms for the distribution of importance scores for
a few top features from Table II. For the Gradient method (and I × G and
LRP not shown), almost all importance scores are close to zero, and are
otherwise roughly symmetric. For three of the LIME features, the distribution
is asymmetric but bimodal.

We now more closely examine correlations between methods. Table III shows Jaccard similarities between the top 64
most important features for each method. We rank features
by taking the mean of their absolute importance scores across
all countries and months to also account for negative values
(features that reduce the predicted probability of an ILC event).
We compute Jaccard similarities involving the L1 Proxy using
only its 40 nonzero features. We see that Gradient and LRP
methods are equivalent in terms of Jaccard similarity, even
though the scale of their feature importances are quite different
in Table II. Except for that pair of methods, no two methods
are particularly closely related. I × G most closely overlaps
with the unregularized Proxy, followed by the L1 Proxy. Other
than these examples, no pair exceeds a modest similarity score
of 0.1. Because there is no ground truth for the correct way to
explain Crystal Cube’s predictions, we cannot directly evaluate
whether one method provides better explanations than the rest.
We can either choose to aggregate across methods (such as
in Table II) or use domain knowledge to choose a specific
method.
The methods we consider make different assumptions about
the nature of how a trained model should be explained, and
thus it is not entirely surprising that they produce different
explanations. For a domain expert, a greater acceptance of
one method’s assumptions may give more weight to its explanations. While we do not have expert testimony for this data,
we can provide some analyses of the domain-independent pros
and cons of the various methods.

C. Runtime
A major benefit of our proposed proxy model approach,
in addition to its overall simplicity, is its speed. Whereas
the other methods we consider make local explanations and
thus must consider each combination of month and country
independently, our proxy model considers all such examples
simultaneously. This results in an improvement in runtime
of several orders of magnitude. Training a proxy model
regression takes only a few minutes on the 20k training
examples; once trained, its parameters do not change between
explanations. In contrast, the local explanation methods we
compare against require at least a few seconds for each
prediction they seek to explain. Because our train and test set
together contain 164 countries and 215 months, this results in
over 40 hours of computation for the Gradient method and over
140 hours for LIME. Although parallelization can decrease the
wall-clock time dramatically, these runtime numbers reflect the
total time to run on a single CPU. However, the enormous
speed advantage of our proxy model approach can enable
analyses that might otherwise be too expensive.
D. Consistency and Plausibility
Another differentiating factor between the proxy model
and local explanations methods is the variance within the
explanations of each method. The proxy model produces only
a single importance score for each feature across the entire
dataset. Each local method produces an importance score per
feature per example, which means we must aggregate those
explanations to provide a summary of the overall behavior of
the model. In doing so, we must handle variance: what happens
if a feature is sometimes highly predictive of an ILC event and
sometimes predictive of no event?
Figure 1 shows plots of the mean and percentiles for the
feature importance values of the Gradient, I × G , and LIME
methods. In these plots, the x-axis is an ordering over the
features based on their mean absolute importance for the
given method. For each slice at X = i, we see the mean and
percentiles for the ith feature. For almost every feature across
these methods, its empirical distribution of feature importance
contains zero between its 2.5th and 97.5th percentiles. This
means that even for features that are on average predictive of
an ILC event occurring, i.e. the ‘useful’ features, these features
are still often found to be predictive of no event. The way
these methods explain these features is inconsistent; it may be
locally informative but is not globally reliable.
Figure 2 shows a closer look at the distributions of individual features for the Gradient and LIME methods, using a few
of the most important features from Table II. The LIME plots
show an asymmetric bimodal distribution in three of the four
examples, with the feature being labeled as either positivepredictive or negative-predictive, depending on the context.
This includes “Demand release of persons or property (wk-2),”
the overall most important feature for LIME. The Gradient
plots show a nearly point-mass distribution; for “Threaten
with administrative sanctions (wk-2),” over 90% of Gradient’s
feature importance scores are between -1e-5 and 1e-5, and

the remaining density is split 56% negative and 44% positive.
While we omit LRP and I × G histograms, they are similar1
to the Gradient plots.
These results indicate that for the local methods, whether
and how we aggregate feature importance values can provide
vastly different explanations. If a feature’s average importance
is dominated by a few outliers and is otherwise symmetric and
mean-zero, it may be difficult to interpret whether past explanations should influence our understanding of future model
predictions. This may jeopardize the ability of these methods
to instill trust in domain experts who do not understand the
underlying black-box model.
In this context, a benefit of our proxy model approach is
its consistency. In training our Proxy and L1 Proxy models,
we assign a single importance score to each feature. This
naturally aggregates the importance of each feature across
the entire dataset. The addition of L1 regularization also
greatly reduces the number of nonzero features, allowing the
L1 proxy to summarize Crystal Cube’s global behavior as a
collection of 40 features. Looking at features in Table II, we
can see that the L1 Proxy accounts for the temporal correlation
between Crystal Cube predictions by putting the most weight
on the “previous prediction” feature. For a domain expert, this
can be interpreted as saying: “Crystal Cube tends to reduce
its prediction probability by 13% unless one of these other
39 features is present in this month’s data.” For the time
series application we consider, this may be a helpful insight
that might be otherwise unnoticed through the lens of local
explanations.
VI. D ISCUSSION
We have introduced a proxy model approach for explaining
a black-box time series RNN. Our experimental evaluation
on a dataset of rare political events demonstrates that our
method provides a holistic explanation of the model’s behavior
across an entire dataset. In this setting, our method is several
orders of magnitude faster than existing, local methods of
explanation that use sampling or gradients. While local methods such as LIME provide inconsistent (local) explanations
across instances, our approach provides a globally-consistent
explanations: features are either explained as predictive of
ILC events, predictive of no event, or unimportant. Our
regularized proxy model highlights a small number of features
in a transparent linear model while remaining faithful to the
original model. This improves over local methods, for which
a global explanation requires aggregating over a high-variance
distribution of importance scores.
In an applied setting where a domain expert seeks to
understand the predictions of a black-box model, our proxy
model approach provides unique benefits. Its speed makes it
easy to apply the analyses of Table I to a new black-box model
and dataset, which clearly shows the proxy’s faithfulness to
1 For “Threaten with administrative sanctions (wk-2),” 92% of LRP scores
lie in (-1e-5, 1e-5) and the remainder are split 59% to 41%. For “Accede to
demands for change in leadership (wk-2),” 96% I × G scores lie in (-1e-7,
1e-7) and the remainder are split 42% to 58%.

the trained model. In applications where model predictions are
correlated across time, our proxy model explicitly accounts for
this by putting a ‘feature’ weight on the previous prediction.
If long-ago events have made an ILC more likely, it may
be that there is a high ‘baseline risk’ rather than a specific
event this month. Local methods do not handle this explicit
structure. Once trained, the proxy model naturally aggregates
the importance of features into a holistic and interpretable
explanation. This is particularly true in our L1 -regularized
case, where sparsity reduces the number of nonzero features.
This provides a proxy that is simulatible and decomposible
[16] – a domain expert can ‘decompose’ the coefficients
of the linear proxy and understand (simulate) how they are
individually combine to produce the prediction. For an expert
who knows the features and their real-world relevance, such a
holistic explanation allows them to easily compare their own
judgment against the proxy model’s explanation.
There are additional pros and cons to our approach. A
benefit of our method is that it can be applied in settings
without access to the black-box model itself, as long as its
data inputs and predictions are available. While this was
irrelevant to our Crystal Cube application, it may make our
method particularly helpful in cases where the black-box
model is proprietary or otherwise restricted. A drawback of
our method is that it does not provide specific details about any
individual data instance, which may make it less helpful for
understanding edge cases of the black-box model’s behavior.
Unlike local methods, we require enough examples on which
to train a proxy. Finally, there is no guarantee that a simple
linear model can provide a faithful proxy for a given black-box
model; however, we can easily evaluate faithfulness in a way
LIME cannot [3]. Our results also suggest opportunities for
future work in Explainable AI. A proxy model can provide
fast, global explanations that could inform which examples
require additional local explanation, by checking where the
black-box model’s predictions differ from those of the proxy.
Proxy model importance scores could similarly inform LIME’s
sampling procedure by suggesting which features need to be
perturbed to learn a reliable surrogate explanation. Future work
should also explore human evaluations to understand domain
expert’s subjective opinions of proxy model explanations.
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