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Abstract

On what basis can we claim a scholarly community understands a phenomenon? Social scientists generally
propagate many rival explanations for what they study. How best to discriminate between or aggregate them introduces
myriad questions because we lack standard tools that synthesize discrete explanations. In this paper, we assemble and
test a set of approaches to the selection and aggregation of predictive statistical models representing different social
scientific explanations for a single outcome: original crowd-sourced predictive models of COVID-19 mortality. We
evaluate social scientists’ ability to select or discriminate between these models using an expert forecast elicitation
exercise. We provide a framework for aggregating discrete explanations, including using an ensemble algorithm (model
stacking). Although the best models outperform benchmark machine learning models, experts are generally unable to
identify models’ predictive accuracy. Findings support the use of algorithmic approaches for the aggregation of social
scientific explanations over human judgement or ad-hoc processes.
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On what basis can we claim that a scholarly community understands some phenomenon well? Social scientists generally
propagate discrete rival explanations for phenomena they study. To create collective knowledge, we need to survey rival
accounts, evaluate them, and aggregate their best insights. How best to discriminate among or aggregate competing
explanations represents an important but largely neglected meta-scientific question in the social sciences. There are
not formal methods for explanatory aggregation in the social sciences. Outside of meta-analysis — which aggregates
estimates for common explanations of common outcomes in different samples — formal aggregation is rarely attempted.

We field test tools for evaluating, filtering, and aggregating social scientific explanations for a single outcome. To do so,
we gather, evaluate, and then aggregate rival explanations, assessing individual models and model aggregations in
terms of predictive accuracy. We report the gains from aggregation as well as how expert human evaluations that draw
on theoretical expertise compare with algorithmic analogues.

We conduct this field testing in the context of social scientific predictive models of COVID-19 mortality. In the gathering
stage, we crowd-sourced statistical models incorporating political and social variables, asking researchers to predict
future crossnational and sub-national COVID-19 mortality. We provided a simple web interface for model submissions,
giving independent teams of participants access to common data but not to other submissions. The Covid Model
Challenges (MCs) received 88 submissions from 60 different individuals based at 32 institutions in 10 countries (see
Table S6).

In the evaluation stage (outlined in our Pre-Analysis Plan; see S8), we assess the performance of submitted models on
outcome data not yet available at the time of model construction and submission, and identify the models with greatest
predictive accuracy. To measure predictive accuracy, we rank submitted models according to their out-of-sample
pseudo-R2. The pseudo-R? of the best model is 0.483 while that of the median model is only 0.171, indicating wide
variation in model quality. A workhorse machine learning (ML) model, constructed using Lasso, is also fit on all
common predictors and generates an out-of-sample pseudo-R? of 0.377. Thus, although most contributions were not
very accurate, ome contestants submitted highly predictive models.

We use two additional methods to evaluate models. First, we implement a stacking estimator that generates a meta-model
based on all submitted models (/). The stacking estimator allocates weights to the predictions of each constituent model
to maximize the meta-model’s predictive accuracy. Second, we evaluate 175 expert forecasts of the predictive accuracy
of the submitted models. These forecasts predicted the either a pseudo-R? ranking or the stacking weights for subsets
of models. Results suggest stark limits to social scientists’ abilities to filter explanations of common outcomes when
synthesizing multiple accounts.

In the aggregation stage, we implement six separate methods (detailed below) to filter and combine models. The
ensemble algorithm we use (stacking) outperforms the median model by a large margin and, in out-of-sample data,
it outperforms the best model by 4 percent. This finding is consistent with a recent evaluation of probabilistic public
health forecasts of COVID-19 across U.S. states, which also reports high accuracy in ensemble methods and high
variation among stand-alone models (2). We further show that stacking greatly outperforms aggregate predictions drawn
from the expert forecasts, suggesting benefits from algorithmic aggregation. In sum, our results show the benefits that
come from aggregating insights from rival explanations over selecting among them.

The Problem: One Outcome, Many Explanations

In the social sciences, scholars simultaneously develop many explanations for important political and social outcomes,
including the causes of economic growth, government corruption, political democratization, and collective violence.
Yet, when we attempt to advance understanding of outcomes, we tend to construct new explanations rather than
(re-)evaluating or synthesizing existing ones. While developing new theories is clearly important, this individualistic
novelty-seeking process means we generate many, often disjointed, explanations for core outcomes, to the exclusion of
building on what we already know (3, 4). Such a process ignores the importance of assessing the merits of competing
explanations. But absent standardized strategies for knowledge aggregation, we may place undue weight on findings
from early studies or, more worryingly, from higher status researchers (5).

Social science research currently uses one of two distinct approaches when aggregating and synthesizing knowledge in
a particular area, as outlined in Columns A and B of Table 1. First, experts write analytic review essays in the form
of comprehensive literature reviews. Reviews are useful for systematically enumerating existing explanations for a
particular outcome. They can also identify gaps in theory or in evidence underpinning claims in a literature. But their



Table 1: Characteristics of methods for aggregating social scientific evidence

A. Review Essay B. Meta-Analysis C. Multiple Selection/Aggregation Strategies

N treatments Any One Many
N outcomes Any > 1 (each measured in One

each study)
Sample Any Multiple Common
Quantity(-ies) of interest Unclear Common structural Metrics of predictive

parameters across studies  accuracy

or samples

abilities to assess the merits of competing (or unrelated) explanations are unknown. The results we report below cast
doubt on the ability of analytic reviews to synthesize knowledge.

Meta-analysis provides a second, more formal, approach to aggregation. In general, meta-analyses hone in on the
relationship between a single cause (or treatment) and a set of one or more outcomes, measured in multiple studies
conducted in different settings. Recent examples in the social sciences include (6—/0). When constituent studies are
internally valid, measure the effects of a common externally valid mechanism, and utilize harmonized study designs,
meta-analysis can provide an estimate of a common treatment effect (or average outcome) across studies (/7). However,
meta-analysis does not offer a framework to combine different explanations for a single common outcome.

We propose to use multiple strategies to evaluate competing models. Some focus on selecting a single model according
to predictive accuracy whereas others use ensemble methods to aggregate across models (/2). Among ensemble
methods, “stacking” (/3) is a common approach; it runs models in parallel and aggregates based on how models
combine to predict outcomes. (/) shows that stacking is a particularly applicable ensemble method when — as in the
present study — the universe of models is open.

We implement these various methods algorithmically and also implement a forecasting exercise that generates analogues
using expert judgement. We compare the predictive accuracy of these different methods on multiple explanations, where
each explanation is represented as a statistical model. Models differ in their functional forms and in their predictors.

Research Design: The COVID-19 Model Challenges

The COVID-19 pandemic sparked a large body of social scientific work on its political, social, and behavioral
determinants and outcomes (/4—18). This wave of topically-focused research has reproduced, at breakneck speed,
known pathologies of knowledge accumulation in the social sciences, as researchers have produced a bevy of largely
disconnected arguments on common, critically important outcomes related to COVID-19. Although independent
teams of researchers have articulated a large number of distinct arguments, there have been few attempts to synthesize
emerging evidence (exceptions are (19, 20)). As a result, we do not know what we know.

That said, the rapid proliferation of social scientific studies of COVID-19 provides an opportunity to field test strategies
to combine research findings. Drawing on social science research featuring similar open challenges (21, 22), we
designed and implemented a set of COVID-19 Model Challenges. Participants designed models in the period running
from December 2020 through January 2021 (Figure S1). The MCs encouraged researchers to develop and submit
statistical models that used political and/or social variables to predict logged cumulative COVID-19 mortality per
million people as of August 31, 2021 on specified data samples. We incentivized submissions by granting co-authorship
to those who submitted the most predictive models (defined as models receiving non-zero weight (> 0.001) in the
stacking exercise). The P.I.s provided an interactive web platform with harmonized covariates and outcome data on
COVID-19 mortality through November 16, 2020 that modelers could use in design and submission (see Figure S3 for
the web platform and https://osf.io/pgydn for lists of covariates available). Details regarding the research design appear
in S1.

We elicited models predicting COVID-19 mortality over four separate samples: a crossnational sample of 166 countries
and sub-national samples of for all states in India, Mexico, and the United States of America (USA), respectively. India,
Mexico, and the USA are federal countries where some public-health policy is made at the state level. For each sample,
we elicited both “general” and “parameterized” models. General models each specify the model’s functional form but
not parameter values, whereas parameterized models specify both the functional form and model parameter values. In


https://osf.io/pgydn

the body of this paper, we focus on crossnational general models, reporting findings from the seven other MCs in the
Supplementary Information (SI).

We compare the performance of the models received in each challenge with (1) a model with standard “epidemiological”
covariates and (2) a model generated by a Lasso (least absolute shrinkage and selection operator) algorithm on the
full set of assembled predictor variables. Lasso provides a widely-used machine learning algorithm that produces
interpretable models akin to the MC submissions (23).

We evaluate models on the basis of their predictive power. Our primary metric of predictive accuracy, given by Equation
(1) in Methods and Materials, resembles R? but is evaluated for general models using leave-one-out predictions.! We
also compare the correlation between leave-one-out predictions and observed outcomes (using Equation (2)), which
abstracts from the levels (or intercepts) of the predictions. In addition to comparing the performance of separate models,
we aggregate them using a model-stacking estimator (see Equation (3)). The estimator combines predictions from
models by putting a weight on each. It generates an aggregate prediction as a convex combination of leave-one-out
model predictions weighted by the stacking weights allocated to each model.

How does human forecasting of model performance compare with an algorithmic comparison or aggregation of models?
Forecasting has become increasingly common across the social sciences (24, 25). It provides a way to access expertise
about social processes. Our interest focuses on expert evaluations of models, which is, informally, how models are
routinely evaluated, for instance via peer review processes. In February and March 2021, we used the Social Science
Prediction Platform (https://socialscienceprediction.org/) to elicit expert forecasts of the performance of the models
earlier submitted to the MCs. We received 175 expert forecasts, 83 of which focused on how the crossnational models
would perform on future data.

We randomly assigned experts into two groups to elicit two sets of forecasts: a horserace and a stacking forecast. In
the horserace, experts saw a subset of six randomly-selected general models that were submitted to a given challenge
and were asked to guess the probability that a model would be the most predictive in the set. In the stacking exercise,
forecasters were asked to allocate weights across models — analogous to those generated through an algorithmic
stacking analysis — over a subset of seven randomly-selected models. We compare the resulting rankings of models (in
terms of either predictive ability or stacking weight) from this expert forecasting to those generated by the analogous
algorithm. We also construct the aggregate prediction implied by the forecasts of the “representative expert” and of
the “wisdom of the crowds.” We compare the forecast predictive performance of models to that of the “representative
expert” — proxied by the median-performing stacking forecast — and to the “wisdom of the crowds” assessment —
proxied by the average stacking weights made by all forecasters. We implement these analyses to evaluate what an
algorithmic ensemble method can add over how experts process competing models.

Results

We describe the collection of models gathered, their performance individually and comparatively, and the results of the
various human and statistical procedures we use to aggregate models.

Gathering Models

Of the 88 models received across the four challenges, 26 addressed the crossnational challenge. Participants had varying
levels of expertise; the modal participant holds a Ph.D. We cannot easily establish how representative participants are
relative to any specific scholarly community. Model submitters may differ along multiple dimensions from “typical”
social scientific researchers: they may be more likely to volunteer, more interested in COVID-19, or more interested in
public health generally. However, this is true of any body of social science literature, so the MCs do not differ in this
respect from other processes that feed scholarly explanations into the public domain. A particular advantage of the
kind of open challenge we sponsored is that it levels the playing field for submissions, erasing standard professional
hierarchies.

!Note that even though models make predictions about future (out-of-sample) COVID-19 mortality, parameters of general models are estimated
using August 2021 outcome data. As such, we pre-specified the use of leave-one-out predictions as an out-of-sample test for the general (but not the
parameterized) models.
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Most model submissions used the maximum allowable three predictive variables. Ten models introduced user-submitted
predictors absent from the datasets made available by the P.I.s. Each model was accompanied by a short text offering
theoretically-motivated justifications (“logics”) for the inclusion of particular variables and the functional form specified.
Model submitters were encouraged to reference relevant scholarly literature in these texts. The logics were concise by
design, but they ranged considerably in depth and in the degree to which they engaged existing literature. Descriptive
statistics about the MCs and the models submitted are provided in Tables S4-S5.

Figure 1 summarizes the most common predictors found in crossnational models. The figure first orders political
and social variables according to their frequency of use and then orders other — mostly health and demographic —
variables by how commonly they appeared. Color coding indicates how frequently pairs of variables were entered
together. The data depicted in the figure shows that the most common variables are trust in others, trust in government,
and government effectiveness. The most common pairing of variables is trust in government and healthcare access — a
coupling used in three of 26 submissions. Across all four challenges, 30 percent of models include measures of trust in
society or trust in government in predicting COVID-19 mortality. The frequency with which distinct submissions used
common predictors is distinguishable from random selection of predictors from the MC-provided data set (p-value =
0.004), which suggests that participants considered common arguments from the literature or shared intuitions when
constructing their models.
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Figure 1: Pairwise combinations of variables submitted to the crossnational MC. The lower left quadrant shows social
and political variables provided in the MC. The upper right quadrant shows other variables provided in the MC. Variable
definitions available at https://osf.io/pgydn.
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Evaluating Models

To evaluate the performance of individual models, we focus on out-of-sample predictive performance. (Details regarding
statistical methods used for evaluation and aggregation appear in S2.) Figure 2 depicts the leave-one-out predictions
arising from each crossnational general model that was submitted on the z-axis. On the y-axis we plot the outcome:
logged cumulative COVID-19 mortality per million as of August 31, 2021. Each point represents one country. Our
measure of predictive performance is calculated using Equation (1).> Following the interpretation of the R? measure,
a perfectly predictive model would have a pseudo-R? = 1, where higher values indicate greater predictive power.
However, the pseudo-R? is penalized when the leave-one-out predictions vary substantially from the predictions made
using the full sample. This allows the pseudo-R? to be arbitrarily negative. In Figure 2, models are ordered from best to
worst performing according to this metric.

Inspection of the data displayed in Figure 2 reveals that models vary substantially in their predictive power. The
pseudo-R? of the best model is 0.483 but only 0.171 for the median model. Interpreting these metrics on an absolute
scale is more challenging than making relative comparisons. Because the Lasso model is fit on all common predictors,
it provides one possible benchmark. The pseudo-R? of the Lasso model is 0.377 and it ranks fourth (out of 28 models)
in predictive power. The models that outperform Lasso are all theoretically motivated in that their authors provided
reasons justifying inclusion of each variable.

Table S8 reports the estimated coefficients of the three best performing models in a more typical format. The best
performer, “Trust in Authoritarian Government,” is a simple linear model that combines three variables: a measure of
trust in government, the presence or absence of a critical mass media, and access to sanitation. The logic submitted
with this model states that the presence of a critical media is intended as a proxy for data manipulation by the
government. The second best performing model, “Government Capacity and Social Inequality,” includes measures
of governmental effectiveness, the quality of healthcare, and economic inequality, and includes quadratic terms. One
additional theoretically-motivated model outperforms the Lasso model. The “Perverse Development” model includes
measures of access to sanitation and the human development index (HDI), both of which were intended, according to
the logic supplied, to capture a country’s level of economic development. The model predicted higher levels of COVID
mortality in more developed contexts.

The MCs deliberately excluded post-treatment policy variables that measured government responses to COVID-19.
Nonetheless, it is interesting that none of the top three models include political institutional variables (such as regime
type) or measures of implied political priorities (such as the presence of a populist party in government) that have been
widely cited in the popular press as predictive of COVID-19 mortality.

Given the many models that were submitted to the MC, how can we select the better models? We first evaluate models
using two types of contests, mirroring the methods used in forecasting: a horserace between models and a stacking
algorithm that weights them. The horserace orders models according to predictive performance, whereas stacking
weights models according to their contribution to an aggregate meta-model. We then compare the two sets of results to
the results from expert-elicited versions of the same two contests collected in the forecasting exercises. This gives us
four metrics with which to assess relative model performance.

Figure 3 displays plots of the results of these assessments. Comparing the algorithmic implementations of the horserace
and stacking contests, we see that few models receive non-zero stacking weights. The stacking meta-model draws on
three constituent models despite minimal differences in the pseudo-R? across all the models. Many models utilize
similar predictors. Nonetheless, the stacking estimates suggest that much of the collective predictive power of the
models that we assess is concentrated in only a few of the best-performing models. The skew of estimated stacking
weights towards the two top-performing models is striking.® These weights, combined with the coefficient estimates
in Table S8, show that crossnational COVID-19 mortality is increasing in health access and decreasing in trust in
government, etc.

The horserace and stacking contests implemented during the forecasting exercise generate top performing models that
are different than those generated by their algorithmic cousins. In the horserace, there is no overlap between the top five

2If we were to rely on model predictions rather than leave-one-out predictions, the measure captured by Equation (1) would be equivalent to each
model’s R2.
3Note that the weights that are estimated on each model by stacking are relative to the set of models that are evaluated.
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learning models are theoretically justified user submissions whereas machine learning models were generated using a
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of the expert forecasts with the results of the algorithmic implementation in the same contest. The models included are
among the top-five performers in any contest. 95% confidence intervals are generated by bootstrapping. Models with
built-in procedures for improving fit (e.g. “Trust in Authoritarian Government’) that were not standard across models
were not included in the forecasting exercises.



models determined by expert forecasters and those identified using an algorithm.* As the results depicted in Figure 3
show, there is some overlap between the algorithmic and forecast evaluations for the stacking contest. The weights
elicited through forecasting are less skewed than those that arise from algorithmic stacking. However, weights are
set-dependent in any model stacking. Due to concerns of tractability, the weights we elicited through forecasting were
relative to smaller sets of models. By averaging over forecasts in different sets, we may observe regression toward the
mean.

This analysis of model selection yields two central findings. First, comparison (horserace) and aggregation (stacking)
prioritize different sets of models. In the general challenges, stacking heavily favors very few models, putting much
lower weights on the others. This occurs even when differences of the pseudo-R?’s of individual models are actually
quite minimal. Application of these metrics in other contexts is necessary to establish the generality of these patterns,
though they hold across the four MCs for which we conducted forecasting. Second, we show that the average expert has
limited ability to accurately identify the most predictive models. Even when experts are provided baseline performance
metrics, as in our forecasting exercise, they do not do very well. However, to the best of our knowledge, the forecasting
exercise we designed required novel cognitive tasks; perhaps with practice, forecasting performance would improve. To
the extent that traditional methods for organizing and synthesizing knowledge produced by an existing literature ask
researchers to identify the strongest arguments, our findings provide grounds for skepticism about their abilities to do
SO.

Aggregating Models

We now aggregate the predictions generated by the models and the expert forecasts. We compare different aggregation
methods. In Figure 4, we show the results of six different aggregation methods. The rows depict two different ways of
assessing predictive performance. The top row evaluates predictions of observed outcomes. The second normalizes
both model predictions and outcomes, providing information about the correlations between them. The two columns
show predictions for different time periods. The left column presents estimates of predictions of cumulative COVID-19
mortality as of August 31, 2021, which is the date for which MC participants were asked to predict. The second column
presents out-of-sample predictions, which are evaluated as of June 20, 2022.°

We provide two benchmarks for each method. First, the “intercept only” metrics reflect the fact that both measures
of variation explained normalize by a model that fits only the intercept (or mean) of the outcome. Thus, model
performance measures that are above zero indicate that the leave-one-out predictions of a general model outperform a
model consisting of only an intercept.® Because of normalization, an intercept-only model takes the value of zero for all
analyses. Second, we benchmark model performance against a Lasso model selected on the basis of 2021 data to make
out-of-sample 2022 predictions.

Our first two algorithmic measures of predictive performance — the best- and median-performing models in the MC —
follow directly from the discussion in Section “Evaluating Models”. Point estimates in the top row report the pseudo- B2
of each model. The third algorithmic prediction examines the outcomes using the stacking meta-model. For purposes
of out-of-sample predictions for 2022 in the righthand panel, we use the best, median, and stacking models that were
selected on the basis of the 2021 data. For all algorithmic methods, we construct a sampling distribution of model
performance by bootstrapping the data (resampling 166 countries with replacement).

The remaining three methods aggregate expert forecasts. The first metric examines the predictive power of the expert-
favored model. As we documented earlier in Figure 3, the model that experts deem most likely to be the most predictive
does not align with the model that is objectively found to be most predictive. The next two methods aggregate expert
stacking forecasts. The “representative expert” forecast depicts the median aggregate stacking forecast. The final metric
presents a “wisdom of the crowds” stacking model that aggregates over forecasters’ stacking weights.

Having described what each part of Figure 4 represents, we now highlight two key findings that emerge from it. First,

4The horserace forecast measures the probability that experts believe a model will explain the most variation. Its algorithmic counterpart
measures the variation explained by the leave-one-out predictions of the model.

SIn the forecasting exercise, we asked participants for forecasts for model performance as of August 31, 2021 and also asked them to forecast as
of August 31, 2022. However, because some governments stopped collecting COVID-19 mortality data before the latter date, we calibrate forecasts
against the last date for which we were able to locate appropriate crossnational and subnational mortality data, June 20, 2022.

6Note that, as shown in Equation (1) and Equation (2) (in Methods and Materials), the intercept is a constant for all units in each sample; that it,
it is not based on a leave-one-out approach.



the stacking estimator outperforms the other algorithmic and forecast-based alternatives that we use. In the left panel,
this should not be a surprise: by construction, the stacking estimator outperforms all other convex combinations of
model predictions in-sample, and all other aggregation methods can be represented as convex combinations of these
predictions. However, stacking superiority persists in the right panel, where we use the aggregate stacking model fit on
2021 data to predict out-of-sample mortality in 2022. The latter out-of-sample result does not occur by construction.

Second, the estimates reported in Figure 4 indicate a substantial drop-off in predictive performance between the best
and median models both in- and out-of-sample. This is by construction. However, the estimates also document the poor
performance of forecasters in selecting predictive models. This reconfirms the analyses reported above (Section 4.2)
and demonstrates that ensemble aggregation — here, model stacking — can be a particularly useful tool in light of
experts’ apparently limited ability to accurately discriminate between models or to forecast predictive performance.
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Figure 4: Comparison of predictive accuracy using different metrics. The top row of boxplots shows predictive
performances (pseudo-R?) of cumulative COVID-19 deaths per million and the bottom row shows correlations between
predictions and actual mortality. The left column of boxplots assesses predictive accuracy on cumulative mortality
as of August 31, 2021. The right column evaluates out-of-sample predictions of cumulative mortality through June
2022 using the models selected on the basis of the August 31, 2021 data. Each boxplot shows the interquartile range;
whiskers are two standard deviations above and below. Interquartile ranges and 95% confidence intervals are generated
by bootstrapping.

Discussion

The tools we have employed allow us to take stock of the predictive power of different methods in contexts where there
are many explanations for a single outcome.



When we evaluate models submitted to the Model Challenges, we find that the more successful theoretically-motivated
models out-perform a Lasso-generated model. However, the performance of the “typical” model — that is, the model
exhibiting median performance — is far worse than Lasso. In Panel (a) of Figure 5, we compare the user-submitted
models to a random sample of 130,000 (5, 000 x 26) models generated from the MC-provided data and Shiny application.
Specifically, we randomly sample permutations of three-predictor models from the MC-provided data and then randomly
select the functional form of the model (linear, quadratic, or with interactions). Among the quadratic and interaction
models, we randomly select which parameters are included in the model (see Appendix S6 for our sampling algorithm).
Results show that the strongest of the submitted models clearly fall in the top percentiles of all possible models; thus,
eliciting models from experts provides an advantage over any algorithmic production of models. However, many
weaker submitted models do not perform well relative to the distribution of all possible models. In Panel (b), we
compare the stacking prediction to stacking predictions generated from the identical 5000 random samples of 26
random three-predictor models generated from the crossnational MC data. The stacking prediction outperforms all
of the predictions from a “null” distribution of stacking models (p = 0). By aggregating expert models via stacking,
we can substantially enhance the predictive performance of a set of models. Implementing an ensemble algorithm to
combine features of multiple models adds predictive value, documenting the utility of aggregation, and specifically of
algorithmic aggregation.

6
12

4 8
2 2
Z 2
c e
[ [
) a)
2 4
o 0
L J —0— ¢
—%
-1.0 -05 0.0 0.5 1.0 -1.0 -05 0.0 0.5 1.0
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(a) Horserace R? distribution. (b) Stacking R? distribution.

Figure 5: Panel (a) depicts the observed distribution of pseudo-R?’s and the density plot depicts the distribution of
pseudo-R?’s from our sample of 130,000 linear, quadratic, and interactive three-predictor models using the common MC
dataset. Panel (b) shows how the predictive performance of the stacking model compares to the predictive performance
of randomly generated stacking models. All models are crossnational general models.

The best models submitted to the MCs outperform a Lasso machine-learning benchmark and are over-represented
among top performers in the simulation. To a skeptic of social science, it may not be obvious that social scientists are
capable of generating highly predictive models; that, in other words, they exhibit an ability to accurately explain the
social world. However, the sharp drop-off in performance between the best and median models, combined with experts’
limited abilities to accurately identify the best-performing models (Figure 3), is cause for concern. If the development
of knowledge depends on the abilities of experts to assess the merits of multiple empirically-supported claims, social
scientists should address issues of aggregation more systematically.

That experts do far less well than algorithms in model evaluation and aggregation is perhaps surprising. Success in
combining intuitions generated by many scholars to explain a common outcome is often viewed as a subtle art requiring
deep expertise and insight. We show that a statistical algorithm in fact performs better at this in our context. Our
findings suggest that scholars could profitably devote more resources to systematizing the models characterizing their
explanations so that these can be aggregated using statistical methods. Ensemble procedures seem likely to produce
more credible meta-models than informal reasoning; social scientists do better when their expertise is combined than
almost all of them do alone.

While the specific MCs that we implemented were made possible by early and sustained attention to a new outcome of
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interest to social scientists — COVID-19 mortality — several features of our procedures may be worth replicating in
more established social science literatures. In particular, there is a need to evaluate competing theories on common
samples using common measures of an outcome. The algorithmic tools that we employ — model comparison based on
predictive power and model stacking to generate an aggregate prediction — can easily be implemented in such settings.
These forms of model assessment and combination harness the aggregate inputs of social scientists, documenting the
strength of collective over individual knowledge.

Methods and Materials

Evaluating model performance

For a full description of the MCs, see S1. For a full description of statistical methods and quantities of interest, see
S2. Our algorithmic measures of model performance used in the tables and figures are constructed as follows. In the
following, let «; denote a vector of explanatory variables for unit i and f* ; the predictive model k trained on data that

excludes unit i. Then the leave-one-out prediction for unit 7 under model k is gix = f* J(xs).

For Figure 2 and the “level”-based model summaries in Figure 4, we measure the pseudo-R? using Equation (1). For
the “score”-based model summaries in Figure 4, we measure the correlation using Equation (2). In these equations, y;
is the observed outcome in unit ¢. For the general models, the out-of-sample prediction, ¥, for unit ¢ under model % is
given above. The Z superscript indicates to a z-score transformation of the outcome, y;, or the prediction for model k,

@\iko

N ~
Z¢:1(yvzk = yz’)2

Pseudo R2 =1 — =
Zi:l(yi - yi)2

)

N A
Zi:l(yizk - y1Z)2

2)
2N (77 — y?)?

Correlation = 1 —

Stacking model

The stacking estimator takes the (leave-one-out) out-of-sample predictions of each model as inputs. It identifies the
optimal weighting of these predictions, and selects a vector of non-negative weights summing to 1, w, to minimize the
loss function:

N K 2
L(w) = Z (yz - Zwkﬂik>
i=1 k=1

Intuitively, a vector of weights w placed on models, results in an aggregated prediction for the unit i/ " () =

>4 wi ik and loss is assessed by how far the vector y**Ki"¢ (1) is from the observed outcomes y. We estimate the
stacking weights employed in Figures 3 and 4 using Equation (3). A detailed description of the procedure appears in
S2.3.

N K 2 K
w :argngnz <yi—Zwkyik> s.t. wy > OVk,Zwk =1 3)
i=1 k=1 k=1
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S1 Research Design

In this project, we study the aggregation of social scientific knowledge. We study aggregation in the context of social
scientists’ predictions about the trajectory of deaths during the COVID-19 pandemic. We created the COVID-19 Model
Challenge to emulate two stages of the development of broader social scientific research agendas:

1. Model generation: We invited researchers to develop models that use social and political variables to predict
cumulative COVID-19 deaths, as measured by logged deaths per million, on of August 31, 2021. We asked
researchers to include verbal explanations for why selected socio-political variables would predict COVID-19
mortality. We created four challenges: (1) across countries; (2) across states in the USA; (3) across Mexican
states; and (4) across Indian states.

Researchers contributed models of COVID-19 mortality between December 1, 2020 and January 20, 2021. When
making predictions, participants were provided cumulative COVID-19 mortality rates as of November 16, 2020.
We refer to the researchers who submitted models as modelers.

2. Model assessment by other researchers: We invited social scientists to assess the predictive capability of the
models amassed in stage one. Forecasters were asked to evaluate the predictive performance of models as of
August 31, 2021 and August 31, 2022.

Forecasters evaluated models on the Social Science Prediction Platform during May 2021. To aid their assess-
ments, we provided predictive metrics for each model as of February 2021.

We depict the sequence of the research design in Figure S1.

COVID-19 deaths
observed

paAIasqo
syresp 6T-AINOD

Creating models

Forecasting model

aouew.opad
|opow Bunsedsalo4 siepoul bupeaid

performance
2020-01-01 2021-01-01 2022-01-01
Date
. - _ Cumulative deaths Model performance
Event - Models submitted Forecasts elicited COVID-19 deaths observed seen by modelers seen by forecasters

Figure S1: A schematic depiction of our research timeline.

S1.1 The Outcome: Cumulative Covid Mortality

The outcome for all challenges is logged COVID-19 deaths per million residents on August 31, 2021. We collect
COVID-19 outcome data from the following sources:

* Crossnational challenge: European Centre for Disease Prevention and Control (ECDC), accessed November 16,
2020; March 3, 2022; and October 18, 2022.
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¢ India challenge: Government of India (https://www.mygov.in/corona-data/covid19-statewise-status/), accessed
November 16, 2020; March 23, 2021; September 7, 2021; March 2, 2022; and October 18, 2022.

* Mexico challenge: Government of Mexico (https://coronavirus.gob.mx/datos/#DownZCSV), accessed November
16, 2020; March 23, 2021; September 8, 2021; March 4, 2022; and October 2, 2022.

 United States challenge: The COVID Tracking Project at The Atlantic (https:/covidtracking.com/data/down
load/all-states-history.csv), accessed November 16, 2020 and March 23, 2021; The COVID-19 Response at
the Centers for Disease Control and Prevention (CDC) (https://data.cdc.gov/Case-Surveillance/United- States-
COVID-19-Cases-and-Deaths-by-State-0/9mfq-cb36), accessed September 14, 2021; March 3, 2022; and
October 18, 2022.

When participants entered the COVID-19 model challenge, modelers had access cumulative COVID-19 mortality
data as of November 16, 2020. They were asked to predict cumulative mortality as of August 31, 2021. Figure S2
shows our outcome measure for the crossnational challenge. The left panel shows the evolution of logged deaths per
million. The vertical lines denote the data shown to modelers during the Model Challenge and the date at which we
evaluate predictions (August 31, 2021). Each line represents a country. To illustrate the changes in COVID-19 mortality
that participants predicted, we depict the three countries at the 10", 50", and 90" percentiles in (percent) change
in COVID-19 mortality between November 16, 2020 and August 30, 2021. The countries are Spain, Romania, and
Uganda, respectively.

7.5

5.0

25

Logged cumulative COVID-19 deaths per million
Logged cumulative COVID-19 deaths per million

0.0 0
2020-11-16 2021-08-31 2020-11-16 2021-08-31
Date Date
Country == Uganda === Romania Spain

Figure S2: Outcome data for the crossnational challenge. The left panel depicts the growth logged cumulative COVID-
19 deaths per million. Each line represents a country. Vertical lines reflect the data provided in the MC and the main
outcome, mortality as of August 31, 2021. The right panel shows countries at the first decile (Spain), median (Romania),
and top decile (Uganda) in terms of change in the outcome between November 16, 2020 and August 31, 2021.

Outcome data for the other tasks is analogous. Table S1 reports summary statistics for the outcome — logged cumulative
COVID-19 deaths per million — for each challenge. Unsurprisingly, there is greater between- than within-country
variation.
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Logged cumulative COVID-19 deaths per million,
as of August 31, 2021
Challenge #of obs. | Median Mean Minimum Maximum Std. Dev.
Crossnational 166 6.12 5.64 0 8.73 1.87
India 31 5.87 5.87 4.5 7.7 0.84
Mexico 32 7.62 6.55 5.82 8.59 0.41
USA 50 7.56 741 6.03 8.02 0.47

Table S1: Summary statistics for our outcome measure by challenge. We add 1 to our cases per million prior to logging,
such that 0 is interpretable as no deaths. (There were no reported COVID-19 deaths in the Solomon Islands as of August
31,2021.)

S1.2 Model Challenges Overview

Between December 2020 and January 20, 2021, we solicited statistical models from social scientists, asking them to
predict cumulative numbers of COVID-19 deaths per million as of August 31, 2021. To provide context, the period was
one when questions about vaccine availability (26—29), efficacy beyond clinical trials (30-35), and public willingness to
accept vaccination (36-38) were particularly salient. New variants (including Delta) emerged only after predictions had
been made. Thus, uncertainty over the trajectory of COVID-19 pandemic at the time of the challenges complicated the
task for participants of making out-of-sample predictions of mortality.

Individuals or teams were encouraged to submit models to a website showing the cumulative number of COVID-19
deaths as of November 16, 2020 as well as data we had assembled on many possible predictors, including measures of
state capacity, political priorities, political institutions, and social structures. (See https://osf.io/pgydn.) Submission of
additional predictors was also permitted. The interface let users provide models to predict mortality across countries
(global challenge) or across states (national challenges) in India, Mexico, and the United States.

The platform was publicly available. We advertised to social scientists through social media (Twitter), via professional
listservs (the American Political Science Association, the European Political Science Association, the Society for
Political Methodology, Evidence in Governance and Politics, and others). In addition, we sent individual emails directed
at researchers at the top 100 research institutions globally as well as specifically in the USA, Mexico, and India.

The interface, depicted in Figure S3, allowed researchers to:
1. Choose a model challenge to enter — crossnational, India, Mexico, or USA (see Figure S3b).

2. Select up to three predictors and see the performance of a linear bivariate model that uses each predictor on
COVID-19 mortality data as of November 16, 2020 (see Figure S3b).

3. Optionally upload new regressors not already available in our data repository (see Figure S3b).

4. Optionally change functional form of the models to allow interaction, polynomial, or custom model submissions
(see Figure S3c).

5. Optionally predict parameter values for models, enabling submission of "parameterized models" (see Figure
S3d).

6. Provide a logic to explain the model (required). We encouraged researchers to describe why the set of predictors
they chose mattered for the outcome, with references to relevant literatures (see Figure S3e).

7. Enter the Model Challenge by submitting (a) model(s) (see Figure S3f).

As participants developed their models, they could explore how their models performed on “current data” (cumulative
mortality counts up to 16 November 2020). They could also examine bivariate plots representing the relationship
between each of their chosen predictors and the outcome variable (logged cumulative deaths per million). We report the
codebooks that were available on the interface in https://osf.io/87mku. These codebooks provided information on the
definition of and data sources for all predictors.
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Figure S3: Screenshots from the MC interface. Plots and reported statistics were presented dynamically.
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S1.3 Classifying Models
S1.3.1 General and Parameterized Models

We distinguish between general and parameterized models throughout our analyses. All models, indexed by k, take the
form:

yir = f(Xi, O).

In our setup, a model is defined by the predictors it includes, x;, and its parameters, 8. We call a model “general” if its
parameters, @, are estimated from the data (as of August 31, 2021). We call a model “parameterized” if its parameters
were specified as part of the predictive model. Some of the parameterized models were fit on the COVID-19 mortality
data provided at baseline.

S1.3.2 Theory-driven and Machine Learning Models

We further distinguish between “theory-driven” and ‘“Machine Learning” (ML) models. In theory-driven models,
modelers submitted predictors along with an argument or logic for why these variables might predict COVID-19
mortality. In ML models, modelers used some automated process or algorithm to select predictors and or/the functional
form of the model. The Model Challenge encouraged submission of theory-driven models. We received substantially
more theory-driven than ML models.

S$1.3.3 Benchmark Models

In addition to user-submitted models, we analyze two other predictive models for each challenge: a model with standard
epidemiological predictors (denoted the “usual suspects model”) and a model with predictors selected by Lasso (“Lasso
model”). The usual suspects model allows us to assess the additional explanatory power of social and political variables
beyond basic epidemiological predictions.

The usual suspects models for each challenge are reported in Table S2 and the Lasso models in Table S3.

In total, we received 88 distinct model submissions. Table S4 reports the breakdown of submissions for each of the
four challenges (crossnational, India, Mexico, and the USA) disaggregated by model type (general or parameterized).
For ten of the models submitted, participants also uploaded their own data. Collectively, the two types of additional
models (Lasso and usual suspects) take both a general and parameterized form for each of the four challenges, yielding
an additional 16 models. Thus, Table S4 includes 104 models: 88 submissions and 16 benchmark models.

S1.4 Forecasting Details

In the forecasting stage of this project, we used the Social Science Prediction Platform to elicit expert assessments of
models. Forecasting took place in May 2021. We recruited subjects through the platform, disciplinary email listservs,
and personalized email invitations to a pool of scholars with relevant expertise. Respondents were randomly assigned to
one of two types of forecasts: a horserace elicitation or a stacking weights elicitation. Each participant was first asked
to complete a forecast for one of the general crossnational models. Conditional on completion of the crossnational
forecast, respondents could opt to provide a forecast for country-specific challenge.

Figure S4 reports the number of respondents who entered and completed each forecasting exercise. There is substantial
dropoff in the initial, crossnational forecasts. Only 42.6 percent and 30 percent of individuals who entered the system
completed the horserace and stacking forecasts, respectively. As a result, the difference in completion rates for the
initial forecasts was 12.6 percentage points (p = 0.06). The ratio of additional forecasts to initial forecast completion is
43/35 and 49/48 for the horserace and stacking exercises, respectively. Collectively these completion rates suggest that
the stacking exercise may have been more challenging or taxing than the horserace forecasts. We detail the procedures
for each elicitation in the following subsections.
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Data General Form Parameterized Form
deaths_per_mio_log ~
deaths_per_mio_log ~ 4.316 + 0.1928*gdp_pc +
Crossnational  gdp_pc + share_older + resp_disease_prev + 0.8683*share_older + 0.1824*resp_disease_prev -
hosp_beds_pc + precip + urban + pop_density_log  0.3077*hosp_beds_pc -0.2592*precip +
0.2703*urban -0.1345*pop_density_log
deaths_per_mio_log ~ deaths_per_mio_log ~
gdp_pc + share_older + 4.3110 + 0.5937*gdp_pc +
India resp_disease_prev + hosp_beds_pc + 0.1085*share_older -0.4212*resp_disease_prev +
precip + urban_pct + 0.2625*hosp_beds_pc -0.1048*precip +
pop_density 0.1679 *urban_pct + 0.0446*pop_density
. deaths_per_mio_log ~
Mexico dzathsc—ﬁﬁ;f—;ﬁlge T iree rafe 6.6278 + 0.0593*gdp_pc + 0.0869*share_older +
ﬁos_pbe s pe N recip + ufb_an et + pop densit 0.1166*irag_rate + 0.1416*hosp_beds_pc + 0.0681*precip +
P_DEAs_pe + precip -PELFPOPCENSIY 5 171 7#urban_pet -0.1373%pop_density
deaths_per_mio_log ~
deaths_per_mio_log ~ 6.3422 -0.1673*gdp_pc +
USA gdp_pc + share_older + resp_disease_prev + 0.0522*share_older -0.1489*resp_disease_prev

hosp_beds_pc + precip + urban_pct + pop_density

+ 0.3919*hosp_beds_pc + 0.1217*precip +
0.2476*urban_pct + 0.212*pop_density

Table S2: "Usual suspects" models (referred to in the text as epidemiological models) include the following predictors:
GDP per capita (gdp_pc), share of population over 65 (share_older), respitory disease prevalence (resp_disease_prev),
hospital beds per capita (hosp_beds_pc), precipitation in millimeters per month (precip), share of population living in
urban areas (urban_pct), and population density (pop_density). The parameterized form was fit on outcome data as of
November 16, 2020.

Challenge General Form Parameterized Form
. deaths_per_mio_log ~
Crossnational deaths_PerTmlo_log W 3.9815 + 0.5718*acc_sanitation +
acc_sanitation + healthcare_qual 0.588*healthcare_qual
. deaths_per_mio_l_o g ~
. deaths_per_mio_log 43503 + 0.0382*gdp_pc +
India gdp_pc + hosp_beds_pc + pet_poor + 0.278*hosp_beds_pc -0.0649*pct_poor -
reserve_proportion + urban_pct 0.4854*reserve_proportion + 0.2783*urban_pct
. deaths_per_mio_log ~
Mexico deaths_per_mio_log ~ . 6.6278 + 0.12*health_expendpc -
health_expendpc + pet_poor + pet_tertiaryemp 0.1461*pct_poor + 0.0813*pct_tertiaryemp
. deaths_per_mio_log ~
deaths_per_mio_log ~ s
USA gini + hosp_beds_pc + pct_religious + 0.2735 + 0.2325%¢ini +

0.2491*hosp_beds_pc + 0.1534*pct_religious +

pop_density + urban_pct 0.2374*pop_density + 0.2517*urban_pct

Table S3: Lasso models for each challenge. The parameterized form was fit on outcome data as of November 16, 2020.
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Theoretically Motivated Machine Learning Total

Challenge General Parameterized General Parameterized
Crossnational 27 15 1 1 44
India 8 6 1 1 16
Mexico 8 5 1 1 15
USA 18 6 3 2 29
Total 61 32 6 5 104

Table S4: Total number of models analyzed in each challenge, including eight Lasso and eight epidemiological
benchmark models.
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Figure S4: Selection into the forecasting activity.



S1.4.1 Horserace Elicitation

The goal of the horserace forecast was to elicit the probability that a model would be the most predictive out of a set
of six models. The six models included: (1) five randomly selected models among the theoretical (non-ML) general
models for a given challenge and (2) the epidemiological model. The set of models that forecasters viewed varied
across respondents; different respondents saw different subsets of the general models.

Forecasters read the following instructions for the “horserace” elicitation for the crossnational challenge:

"We now present six statistical models. Five were proposed by other researchers. The sixth model contains
only a set of standard epidemiological predictors.

We are interested in how well these models explain the residual variance in mortality. By this we mean
the variance in mortality outcomes after accounting for a set of controls selected using a machine learning
algorithm. For details on these controls and the selection process, click on or hover here.

Your task is to assign the probability to each model that it will explain the most residual variance against
the other models in the set in cumulative COVID-19 deaths per capita for all countries. You will be
asked to do this for two future points in time: 31 August 2021 and 31 August 2022. In other words, how
likely is it that each model will perform the best?

Please predict the probability that each model will explain the most residual variance as of 31 August
2021 and 31 August 2022. As you are putting your prediction on each model (i.e., the probability you
assign to it), keep in mind that entries in each column must range between 0 and 100; you should not
enter negative probabilities. In principle, the probabilities in each column should sum to 100 but we will
rescale them if they do not.

To inform your predictions, we show how much residual variance each model actually explained as of
February 2021. Again, by residual variance we mean: how much of the crossnational variance in COVID-
19 deaths the model explained over and above that explained by the controls. Remember that you are not
predicting the residual variance itself but rather the probability that a model performs better than the
other five.

You can click on or hover over each model to view a summary of the logic that was submitted with it."

We provide a representative screenshot of the forecasting interface for a horserace forecast in Figure S5a.

S1.4.2 Stacking Forecasts

The goal of the stacking forecasts was to elicit the stacking weights, analogous to those that we estimate using Equation
(8) over a subset of seven models. The six models included: (1) five randomly selected models among the theoretical
(non-ML) general models for a given challenge; (2) the Lasso model for that challenge; and (3) the epidemiological
model. The set of models that forecasters viewed varied across respondents; different respondents saw different subsets
of the general models.

Forecasters read the following instructions for the “stacking” elicitation for the crossnational challenge:

"We now present seven statistical models. The first five were proposed by other researchers. The sixth
model contains epidemiological predictors and the last model a set of predictors selected by a machine
learning algorithm. Click on or hover here for more details on the selection process.

Your task is to provide a weight for each model. You should assign larger weights to models if you would
pay relatively more attention to the predictions of those models when forming an overall prediction.

For example, you might trust the predictions from only one model and put all weight on that model, or you
might think the best prediction comes from a weighted average of the predictions of three or four different
models.
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The outcome is camulative COVID-19 deaths per capita for all countries at two future points in time: 31

August 2021 and 31 August 2022.

Please enter weights for each model below. You should assign larger weights to models if you would pay
relatively more attention to the predictions of those models when forming an overall prediction.

As you are assigning weights, keep in mind that your entries in each column must range between 0 and
100; you should not enter negative weights. In principle, the weights in each column should sum to 100

but we will rescale them if they do not.

To inform your predictions, in the first column we report the weight assigned to each model when they
are combined via a stacking model with data from February 2021. Stacking is a statistical procedure
that weights each model by its contribution when combined with the others in the set to generate a more
accurate prediction. Your task is similar except that it relies on your expertise rather than an algorithm.
You can click on or hover over each model to view a summary of the logic that was submitted with it."

You can click on or hover over each model to view a summary of

the logic that was submitted with it.

1Feb
2021

Pandemic readiness.

Ln deaths per million ~ trust_gov + acc_sanitation + infection
Measure of generalized trust in government (trust_gov), access to
sanitation (acc_sanitation), and measure of past experience with
Ebola/SARS/MERS (infection).

Trust and air travel.

Ln deaths per million ~ air_travel + trust_gov + resp_disedase_prev
Measure of air travel (alr_xrave/), a measure of generalized trust in
government (L‘rusr_gov), and the prevalence of respiratory diseases
(resp_disease_prev).

Development.

Ln deaths per million ~ share_older + hdi + share_older*hdi + trust_people
+ share_older*trust_people + hdi*trust_people +
share_older*hdi*trust_people

Human Development Index (HD1) and a measure of interpersonal trust
(trust_people).

Health sector.

Ln deaths per million ~ health_equality + acc_sanitation +
health_equality*acc_sanitation + respond_index +
health_equality*respond_index + acc_sanitation*respond_index +
health_equality*acc_sanitation*respond_index

Measure of health inequality (health_equality), access to sanitation
(access to sanitation), and responses to similar health crises
(respond_indlex).

Cultural tightness.

Ln deaths per million ~ tightness_score

Measure of the "tightness” of a country's culture (tightness_score), where
tightness is defined as the presence of many strong social norms and low
tolerance of deviant behavior.

Epidemiological model.
Ln deaths per million ~ gdp_pe + share_ol
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We provide a representative screenshot of the forecasting interface for a stacking forecast in Figure S5b.

You can click on or hover over each model to view a summary of

the logic that was submitted with it.

Pandemic readiness.

Ln deaths per million ~ trust_gov + acc_sanitation + infection
Measure of generalized trust in government (trust_gov), access to
sanitation (acc_sanitation), and measure of past experience with
Ebola/SARS/MERS (infection).

Trust and air travel.

Ln deaths per million ~ air_travel + trust_gov + resp_disedase_prev
Measure of air travel (cur_rraveD, a measure of generalized trust in
government {trusr_gov), and the prevalence of respiratory diseases
(resp_disease_prev).

Development.

Ln deaths per million ~ share_older + hdi + share_older*hdi + trust_people
+ share_older*trust_people + hdi*trust_people +
share_older*hdi*trust_people

Human Development Index (HD1) and a measure of interpersonal trust
(trust_people).

Health sector.

Ln deaths per million ~ health_equdiity + acc_sanitation +
health_equality*acc_sanitation + respond_index +
health_equality*respond_index + acc_sanitation*respond_index +
health_equdlity*acc_sanitation*respond_index

Measure of health inequality (health_equaliity), access to sanitation
(access to sanitation), and responses to similar health crises
(respond_index).

Cultural tightness.

Ln deaths per million ~ tightness_score

Measure of the "tightness” of a country's culture (tightness_score), where
tightness is defined as the presence of many strong social norms and low
tolerance of deviant behavior.

Epidemiological model.
Ln deaths per million ~ gdp_pe + share_older + resp_disease_prev +
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hosp_beds_pc + precip + urban_pct + pop_density hosp_beds_pc + precip + urban_pct + pop_density

Lasso model.
Ln deaths per million ~ acc_sanitation + healthcare_qual

Lasso model.
Ln deaths per million ~ acc_sanitation + healthcare_qual

(a) Horeserace forecast interface (b) Stacking forecast interface

Figure S5: Forecasting interface for two representative forecasts. Forecasters could hover over the models to read a
description of the logic behind each model (as submitted by the modelers).
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S2 Statistical Methods for Model Evaluation and Aggregation

In this section, we elaborate upon the metrics that we use to evaluate model performance. We first discuss how the

models are fit.

S2.1 Fitting the Predictive Models

First, we denote models submitted as part of the COVID-19 Models Challenge as:

vi = fiu(X|0k) “)

We index observations by ¢ and models by k. The outcome, logged cumulative COVID-19 deaths per million, is denoted
y; and x; denotes a matrix of predictor variable(s). The parameters of the model are 8. In general models, 8}, are

estimated from the data. In parameterized models 6}, are specified as part of the models.

We evaluate models on the basis of out-of-sample prediction since we use fixed models to predict future outcomes. Our

approach to out-of-sample prediction is different for general models than for parameterized models.

For general models, the parameters of a model, 6y, are estimated using the outcome data. We use leave-one-out (LOO)
predictions of each model to emulate out-of-sample prediction in order to guard against overfitting. The leave-one-out

prediction for unit ¢ is:

U = fe(xil0;") 5)
where O,Zi are model parameter(s) fit on all observations excluding unit ;. When we examine the predictions of general

models, Jix = 7i%°.

For parameterized models, we naturally have a form of out-of-sample prediction since we use fixed models to predict

future outcomes. Our predictions are therefore given by:

Uik = fr(Xi|0) (6)

where the parameters 6}, are specified as part of the model (not fit on the outcome data).

26



S2.2 Defining Model Success: Individual Models

We focus on two measures of model success, one which examines levels of predicted and actual outcomes and one
which examines scores of predicted and actual outcomes. Our analysis of levels considers 7; and y;. Our analysis of

scores examines Z-score transformations of 7, and y;, which we will denote with the superscript Z (i.e., 77 and y?).

Our metrics of model success are given by:

Zi (:{/\zk — yi)2

7
> @ — 01)? @

v =1—«

where « is a scale parameter and 7j; denotes the mean of y;.

For the level approach, we evaluate (7) by setting o = 1 and using our (raw) predictions 7;; and (raw) observed
outcomes ;. We refer to this measure as a pseudo-R22. For general models, in the absence of LOO prediction, vy, = R?
and, as such, vy, € [0, 1]. With LOO prediction, vy < R? since (7}9° — y;)% > (72 — y;)?, where 72! is the model fit
on all observations (including 7). When v, measures the pseudo-R?, vy, € (—o0, 1]. Higher values of vy, indicate more

accurate predictions.

For the score approach, we evaluate (7) by setting o = % and using our normalized predictions @ZZk and normalized
outcomes yZ. This measure is equivalent to the correlation between ; and y;;. Therefore, for the score approach,
vg € [—1,1]. Prediction accuracy is again increasing in vj. Note that J;;, are predictions of y;;. Thus, a negative

correlation — no matter how strong — indicates lower accuracy than a correlation of zero in this setting.

S2.3 Stacking

We use model stacking to aggregate the predictions of all user models, the epidemiological models, and the Lasso-
selected models. The stacking approach estimates a set of k£ weights w so that the weighted average of model predictions

has the smallest possible error.

Formally we estimate:

K

n 2
w = argmui)nz <yZ — Zwk@k> s.t. wg > 0 Vk, Zwk =1 €)
k

i=1 k=1

As above, 3;1, refers to the @1‘,’;’ for all general models. Larger weights provide a measure of the contribution of a model

to an aggregate model and are taken here as a measure of unique predictive ability within the set of k£ models provided.
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S2.4 Forecasting
We measure the accuracy of the elicited forecasts using several metrics, which we detail below.

Model-level metrics: Recall that for the horserace elicitation, forecasters predicted the probability that each model
would be the best-performing model in a randomly-selected set. Our horserace measure of model performance is simply

the mean expected probability that the model would be the top-performer in the set. We estimate the standard error

Ok

\/nk’

model k. We average over forecasts elicited in different subsets of models.

as where o is the standard deviation of forecasts for model k and n;, is the total number of forecasts elicited for

For the stacking elicitation, forecasters predicted the stacking weights that would be assigned to each model. To calculate

stacking weights, we again evaluate the mean stacking weight assigned to each model across different elicitations (and

Ok

«/nk’

deviation of elicited stacking weights for model k and ny is the total number of forecasts elicited for model k.

different sets of models). As in the horserace forecasts, we estimate the standard error as where o is the standard

Aggregate metrics: We examine three aggregate measures of elicited forecast accuracy, as described below:

1. Expert-favored models: We select the model with the largest average weight assigned to it by the experts as the

experts’ most favored model. As such, for model set ¢ we select model k that maximizes the mean expert weight:

ke = argmax,, Z wfc )
J

This yields model predictions given by:

=Tz (10)

2. Representative expert: As with the algorithmic stacking models, each expert’s weighting of models generates

an aggregate model with a prediction for unit ¢ by expert j of:
gl = Wl (11)
k

We use the leave-one-out designation here to remind readers that forecasts were only elicited over general models
where we employ the leave-one-out predictions in all metrics of prediction accuracy. We can plug this into

Equation (7) to measure the success of an expert’s stacking model. The representative expert’s aggregate model
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set is defined by the elicited weights such that:
w” = {w’ [v) = median(v")pecx} (12)

where H is the set of forecasters assigned to the stacking elicitation.

3. Wisdom of the crowds: To construct a wisdom of the crowds aggregate forecast, for each model set, we calculate

the normalized average weight placed on a model by experts. As such, for model set ¢, we calculate:

>, o}

= (13)
Zk Zj wy,

wy =

This yields model predictions given by:

U=y wigiy (14)
k

S3 Gathering: Supplementary Results

In this section, we provide complementary results for the gathering stage of our analysis.

S3.1 Summary Statistics

Table S5 provides an overview of the general models submitted cross all four challenges, including information about
(1) the functional form of the models; (ii) the number of predictors used and addition of predictors from outside the MC
datasets; (iii) whether the models were theoretically motivated — i.e., whether they included a theoretical argument for
why their selected variables should predict COVID-19 mortality or whether the model was generated using machine
learning methods; (iv) whether the models included references to existing literature to justify inclusion of selected
variables (“has model justification”); and (v) the number of modelers who submitted each model. Table S6 provides

information about the model challenge participants.

S3.2 List of Model Submissions

Table S7 enumerates all of the submitted models. They are ranked, within challenge, by the pseudo- R? metric.
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Feature N Mean SD Mode Min Max
Total

Use of Non-Linear Function 58 0414 0497 0 0 1
Number of Unique Predictors 58 2.672 0.509 3 1 3
Has Theoretical Motivation 58 0.724 0451 1 0 1
Has Model Justification 58 0.448 0.502 0 0 1
Submitted Own Data 58 0.155 0.365 0 0 1
Is Predictive Model 58 0.017 0.131 0 0 1
Team Size 58 1.879 1.983 1 1 8
Crossnational

Use of Non-Linear Function 26 0.538 0.508 1 0 1
Number of Unique Predictors 26 2.615 0.571 3 1 3
Has Theoretical Motivation 26 0.692 0471 1 0 1
Has Model Justification 26 0462 0.508 0 0 1
Submitted Own Data 26 0.192 0.402 0 0 1
Is Predictive Model 26 0.000 0.000 0 0 0
Team Size 26 1.654 1.719 1 1 8
India

Use of Non-Linear Function 7 0.286 0.488 0 0 1
Number of Unique Predictors 7 2571 0.535 3 2 3
Has Theoretical Motivation 7 0.714 0.488 1 0 1
Has Model Justification 7 0429 0.535 0 0 1
Submitted Own Data 7 0.286 0.488 0 0 1
Is Predictive Model 7 0.000 0.000 0 0 0
Team Size 7 2571 2.820 1 1 8
Mexico

Use of Non-Linear Function 7 0429 0.535 0 0 1
Number of Unique Predictors 7 2.714 0.488 3 2 3
Has Theoretical Motivation 7 1.000 0.000 1 1 1
Has Model Justification 7 0571 0.535 1 0 1
Submitted Own Data 7 0.143 0378 0 0 1
Is Predictive Model 7 0.000 0.000 0 0 0
Team Size 7 2286 2.563 1 1 8
USA

Use of Non-Linear Function 18 0.278 0.461 0 0 1
Number of Unique Predictors 18 2.778  0.428 3 2 3
Has Theoretical Motivation 18 0.667 0.485 1 0 1
Has Model Justification 18 0.389 0.502 0 0 1
Submitted Own Data 18 0.833 0.383 1 0 1
Is Predictive Model 18 0.056 0.236 0 0 1
Team Size 18 1.778 1.833 1 1 8

Table S5: Overview of general models across all four challenges. The top panel shows results pooled across all
challenges. The next four panels show results broken down by each challenge.
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Table S6: Tally of Model Challenge Participants (Raw Numbers)

Challenge Participants  Institutions Countries
Crossnational 42 21 9
India 18 6 5
Mexico 15 6 3
USA 29 15 6
All 60 32 10

Table S7: Model composition and performance by challenge.

Model Name Variables included and functional form specified Pseudo- R> Stacking
weight
Crossnational, general
1 Trust in Authoritarian Government deaths_per_mio_log = B¢ + [31 *acc_sanitation + B2 *trust_gov + 0.483 0.572
B3 *media_critical
2 Government Capacity and Social Inequality deaths_per_mio_log = B¢ + 31 *gov_effect + B2 *healthcare_qual + 0.420 0.359
Bo*gini + B4*gov_effect’2 + B *ginit2
3 Perverse Development deaths_per_mio_log = B¢ + (31 *acc_sanitation + B2 *hdi 0.392 0.000
4 Health Equality deaths_per_mio_log = B¢ + (31 *health_equality + 32 *acc_sanitation + 0.355 0.000
B3 *health_equality*acc_sanitation + 34 *respond_index +
5 *health_equality*respond_index + B¢ *acc_sanitation*respond_index +
7 *health_equality*acc_sanitation*respond_index
5 Inequality in Pandemic Experiences deaths_per_mio_log = B¢ + 31 *gini + 31 *infection + B2 *med_age_2013 0.346 0.068
+ B3 *gini*med_age_2013 + B4 *infection*med_age_ 2013
6 Developing Country Effectiveness deaths_per_mio_log = B¢ + 1 *med_age_2013 + B2 *gov_effect + 0.297 0.000
B3 *temp_mean + B4 *temp_mean”2
7 Development and Trust deaths_per_mio_log = B¢ + [31 *share_older + 32 *hdi + 0.270 0.000
B3 *share_older*hdi + 5 *trust_people + ¢ *share_older*trust_people +
B7*hdi*trust_people + Bg*share_older*hdi*trust_people
8 Populism and Social Trust deaths_per_mio_log = B¢ + (31 *electoral_pop + B2 *life_exp_2017 + 0.241 0.000
B3 *trust_people + 33 *electoral_pop*trust_people
9 Social Trust and Health Capacity deaths_per_mio_log = B¢ + (31 *trust_people + B2 *healthcare_qual + 0.237 0.000
B3*UVINDEX
10 Democracy deaths_per_mio_log = B¢ + 1 *share_older + B2 *checks_veto + 0.232 0.000
Bs*vdem_libdem + (34 *share_older*vdem_libdem +
B5*share_older*checks_veto*vdem_libdem
11 State Fragility, Social Trust, and Population Age deaths_per_mio_log = B¢ + [31 *trust_people + 32 *state_fragility + 0.228 0.000
B3 *share_older
12 Social and Institutional Trust deaths_per_mio_log = B¢ + 81 *life_exp_2017 + 2 *trust_people + 0.214 0.000
Bs*gov_effect + B4 *trust_people*gov_effect
13 Government Capacity deaths_per_mio_log = B¢ + 31 *pandemic_prep + 32 *gov_effect 0.171 0.000
14 Dictatorships and Misinformation deaths_per_mio_log = B¢ + 1 *gdp_pc + B2*v2x_polyarchy 0.169 0.000
15 Pandemic Readiness deaths_per_mio_log = B¢ + (31 *trust_gov + S *acc_sanitation + 0.040 0.000

B3 *infection
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Table S7: Model composition and performance by challenge. Lasso and Epidemiological models are not shown in this
table since they are already displayed in Tables S3 and S2, respectively. The Lasso model receives positive stacking
weight in the India and Mexico general challenges. (continued)

ID Model Functional Form Pseudo- R” Stacking
Weight

16  Social and Political Stability deaths_per_mio_log = B¢ + (31 *trust_people + B2 *pr + 0.039 0.000
B3 *trust_people*pr + B4 *gini + 85 *trust_people*gini

17 Shackled Leviathan deaths_per_mio_log = B¢ + 81 *hdi + B2 *gov_effect + 53 *hdi*gov_effect 0.015 0.000
+ Ba*trust_gov + B *hdi*trust_gov + B¢ *gov_effect*trust_gov

18 Institutional Trust deaths_per_mio_log = B¢ + 31 *gov_effect + B2 *share_older + 0.005 0.000
B3 *trust_gov + [B4*gov_effect"2

19  Government Capacity and Development deaths_per_mio_log = B¢ + 31 *gov_effect + B2*gdp_pc + B3 *trust_gov + -0.007 0.000
Ba*gov_effect’2

20 Trust and Air Travel deaths_per_mio_log = B¢ + (31 *air_travel + B2 *trust_gov + -0.033 0.000
B3 *resp_disease_prev

21 Liberalism, Capitalism, and Media deaths_per_mio_log = 3o + 1 *property_rights + S2*vdem_mecorrpt + -0.036 0.000

Independence B3 *trust_gov

22 Cultural Tightness deaths_per_mio_log = B¢ + (31 *tightness_score -0.064 0.000

23 Trust and Social Safety deaths_per_mio_log = B¢ + 31 *share_older + 32 *soc_safety + -0.159 0.000
B3 *trust_gov

24 Language and Culture deaths_per_mio_log = B¢ + 31 *idv + B2 *inflectional_ftr -0.261 0.000

25 Polarization and Populism deaths_per_mio_log = B¢ + (31 *polar_rile + B2 *trust_people + -0.302 0.000
3 *electoral_pop

26  Competitiveness of Executive Recruitment deaths_per_mio_log = B¢ + 51 *urban + B2 *acc_sanitation + -0.574 0.000
Bz *xrcomp_2018 + 54 *urban”2 + 5 *acc_sanitation2 + 0

Crossnational, parameterized

1 Trust in Authoritarian Government deaths_per_mio_log = 4.75 + 0.9 * acc_sanitation - 1.25 * trust_gov 0.141 0.437

2 Populism and Social Trust deaths_per_mio_log = 4.8 + 0.9*electoral_pop + 0.097 0.155
0.9*electoral_pop*trust_people + 0.75*life_exp_2017 -0.9*trust_people

3 Liberalism, Capitalism, and Media deaths_per_mio_log = 5 + 0.7*property_rights -0.7*trust_gov 0.008 0.000

Independence -0.1*vdem_mecorrpt

4 Social and Institutional Trust deaths_per_mio_log = 4.5 -0.5*gov_effect + life_exp_2017 -0.079 0.000
-0.5*trust_people + 0.5*trust_people*gov_effect

5 Government Capacity and Development deaths_per_mio_log =5 + 0.1*gdp_pc -0.5*gov_effect + 0.5*gov_effect*2 -0.121 0.000
-0.9*trust_gov

6 Government Capacity and Social Inequality deaths_per_mio_log =4 + 0.2*gini + 0.15*gini"2 -0.6*gov_effect -0.356 0.168
-0.2*gov_effect"2 + 2*healthcare_qual

7 Perverse Development deaths_per_mio_log = 4 + 0.4*acc_sanitation + 0.6*hdi -0.369 0.000

8 Health Equality deaths_per_mio_log = 4 + 1.5%acc_sanitation + -0.390 0.168
O*acc_sanitation*respond_index -0.1*health_equality +
O*health_equality*acc_sanitation +
0.01*health_equality*acc_sanitation*respond_index +
O*health_equality*respond_index + O*respond_index

9 Competitiveness of Executive Recruitment deaths_per_mio_log = 1.46*acc_sanitation + 0.85*acc_sanitation"2 -0.946 0.000

-0.14*urban -0.04*urban”2 + 1.37*xrcomp_2018
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Table S7: Model composition and performance by challenge. Lasso and Epidemiological models are not shown in this
table since they are already displayed in Tables S3 and S2, respectively. The Lasso model receives positive stacking
weight in the India and Mexico general challenges. (continued)

ID Model Functional Form Pseudo- R* Stacking
Weight

10 Development and Trust deaths_per_mio_log = 4 + 1*hdi + 0.5*hdi*trust_people + 0.25*share_older -0.993 0.000
-0.5*share_older*hdi + 0.25*share_older*hdi*trust_people
-1*share_older*trust_people -0.55*trust_people

11 Pandemic Readiness deaths_per_mio_log = 9 -2*acc_sanitation + 1.4*infection -1.2*trust_gov -2.201 0.058

12 Social and Political Stability deaths_per_mio_log = 1.5 -0.2*gini -0.3*pr -0.1*trust_people + -5.581 0.000
0.1*trust_people*gini + 0.1*trust_people*pr

13 Polarization and Populism deaths_per_mio_log = 1*electoral_pop -0.5*polar_rile + 0.5*trust_people -7.557 0.000

14 Language and Culture deaths_per_mio_log = 3.5 + 1.5%idv + 0.05*inflectional _ftr -1322.027 0.013

India, general

1 Health Sector Capacity deaths_per_mio_log = B¢ + 31 *pandemic_prep + B2 *pct_poor + 0.363 0.451
B3 *pandemic_prep*pct_poor + B4 *hosp_beds_pc +
Bs*pandemic_prep*hosp_beds_pc + B¢ *pct_poor*hosp_beds_pc +
B7*pandemic_prep*pct_poor*hosp_beds_pc

2 Interactions and Political Pressures deaths_per_mio_log = B¢ + 51 *gdp_pc + [$2*urban_pct + 0.306 0.231
3 *election_margin

3 Urbanisation and Healthcare deaths_per_mio_log = B¢ + 1 *gdp_pc + 0.301 0.034
B2 *public.health.total.budget.2015 + B3 *urban_pct

4 Business and Density deaths_per_mio_log = B¢ + 81 *minority_pct + B2 *gdp_pc + 0.295 0.000
B3 *urban_pct

5 GDP, TB Prevalence, and Anti-immigration deaths_per_mio_log = B¢ + 31 *pct_anti_immig + B2 *tb_per_100k + 0.204 0.000

Attitudes B3*gdp_pc

6 Minority Representation and Urbanization deaths_per_mio_log = B¢ + /31 *reserve_proportion + B2 *urban_pct + 0.094 0.260
B3 *reserve_proportion*urban_pct

7 Government Capacity deaths_per_mio_log = B¢ + [31 *average_events_per_state + -0.145 0.000
B2 *leader_experience

India, parameterized

1 Business and Density deaths_per_mio_log = 4.7 + 0.2*gdp_pc -0.2*minority_pct + 0.5*urban_pct -1.668 0.945

2 Urbanisation and Health Care deaths_per_mio_log = 5.35 + 0.41*gdp_pc -2.021 0.000
-13*public.health.total.budget.2015 + 0.44*urban_pct

3 Health Sector Capacity deaths_per_mio_log = 4.3 + 0.4*hosp_beds_pc + 1.8*pandemic_prep + -2.154 0.055
2*pandemic_prep*hosp_beds_pc + 1.5*pandemic_prep*pct_poor +
2.5*pandemic_prep*pct_poor*hosp_beds_pc -0.35*pct_poor
-0.25*pct_poor*hosp_beds_pc

4 Minority Representation and Urbanization deaths_per_mio_log = 4.2 -0.6*reserve_proportion -3.267 0.000
-0.6*reserve_proportion*urban_pct + 0.2*urban_pct

5 Interactions and Political Pressures deaths_per_mio_log = 4.25 + 0.05*election_margin + 0.4*gdp_pc + -3.684 0.000

0.4*urban_pct

Mexico, general
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Table S7: Model composition and performance by challenge. Lasso and Epidemiological models are not shown in this
table since they are already displayed in Tables S3 and S2, respectively. The Lasso model receives positive stacking
weight in the India and Mexico general challenges. (continued)

ID Model Functional Form Pseudo- R* Stacking
Weight

1 Political Leadership, Poverty, and Obesity deaths_per_mio_log = B¢ + (31 *election_margin + 32 *pct_poor + 0.371 0.000
B3 *obesity

2 Social Trust and Catholicism deaths_per_mio_log = B¢ + 31 *pct_catholic + B2 *election_margin + 0.347 0.360
B3 *trust_people + 34 *pct_catholic*trust_people

3 Trust, Poverty, and TB Prevalence deaths_per_mio_log = B¢ + (31 *pct_poor + B2 *trust_people + 0.345 0.072
B3 *tuberc_cases

4 Poverty, Electoral Competitiveness, and Public deaths_per_mio_log = B¢ + 31 *hosp_beds_pc + 32 *pct_poor + 0.040 0.000

Goods B3*hosp_beds_pc*pct_poor + B4 *election_margin

5 Government Experience deaths_per_mio_log = B¢ + 31 *pandemic_prep + 32 *leader_experience -0.103 0.000

6 Interactions and Political Pressures deaths_per_mio_log = B¢ + 51 *gdp_pc + 52 *election_margin + -0.300 0.000
B3 *urban_pct

7 Investment Inequality deaths_per_mio_log = B¢ + 81 *hosp_beds_pc + [S2*gini + -0.504 0.000
B3*hosp_beds_pc*gini + B34 *health_expendpc +
B5*hosp_beds_pc*health_expendpc + B¢ *gini*health_expendpc +
B7*hosp_beds_pc*gini*health_expendpc

Mexico, parameterized

1 Social Trust and Catholicism deaths_per_mio_log = 7.6 + 0.19*election_margin -0.08*pct_catholic 0.619 1.000
-0.197*pct_catholic*trust_people + 0.27*trust_people

2 Poverty, Electoral Competitiveness, and Public deaths_per_mio_log = 6.7 + 0.2*election_margin + 0.3*hosp_beds_pc + -4.756 0.000

Goods 0.25*hosp_beds_pc*pct_poor -0.05*pct_poor

3 Investment Inequality deaths_per_mio_log = 6.7 + 0.01*gini -0.01*gini*health_expendpc + -5.074 0.000
0.2*health_expendpc + 0*hosp_beds_pc + 0.35%hosp_beds_pc*gini +
0.05*hosp_beds_pc*gini*health_expendpc
-0.3*hosp_beds_pc*health_expendpc

4 Interactions and Political Pressures deaths_per_mio_log = 6.6 + 0.15*election_margin + 0.1*gdp_pc + -5.186 0.000
0.25*urban_pct

USA, general

1 Inequality and Polarization deaths_per_mio_log = B¢ + 31 *party_leg_right + B2 *pop_density + 0.549 0.389
Ba*gini + B3 *party_leg_right*gini + B4*pop_density*gini

2 Density, Inequality, and Religiosity deaths_per_mio_log = 8o + [1*gini + B2 *pct_religious + B3 *pop_density 0.501 0.259
+ B4%gini"2 + B *pet_religious™2 + (5 *pop_density 2

3 Inequality and Capacity deaths_per_mio_log = B¢ + 31 *gini + B2 *urban_pct + B2*hosp_beds_pc 0.500 0.328

4 Right Party Power and Income Inequality deaths_per_mio_log = B¢ + 31 *gini + B2 *party_leg_right + 0.487 0.000
B3 *pop_density

5 Religiosity deaths_per_mio_log = 8o + (81 *pop_density + B2 *pct_religious + 53 *gini 0.429 0.000

6 ‘Women in Leadership deaths_per_mio_log = B¢ + 31 *pop_density + B2 *percentage_of women 0.363 0.000
+ Bo*gini

7 Ethnicity, Inequality, and Healthcare Capacity deaths_per_mio_log = B¢ + 31 *gini + B2 *hosp_beds_pc + 0.344 0.000

B3 *ethnic_frac_score
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Table S7: Model composition and performance by challenge. Lasso and Epidemiological models are not shown in this
table since they are already displayed in Tables S3 and S2, respectively. The Lasso model receives positive stacking
weight in the India and Mexico general challenges. (continued)

ID Model Functional Form Pseudo- R” Stacking
Weight
8 Social Contact deaths_per_mio_log = B¢ + (31 *pct_religious + B2 *pct_poor + 0.332 0.000

B3 *pop_density

9 Institutional and Social Trust deaths_per_mio_log = B¢ + 31 *pop_density + B2 *trust_gov + B3 *gini 0.325 0.000

10 Community Equality and Trust deaths_per_mio_log = B¢ + 1 *gini + B2 *civil_society + (33 *trust_people 0.317 0.000

11 Religion, Economic Inequality, and Minority deaths_per_mio_log = B¢ + 1 *pct_religious + S2 *minority_pct + 0.299 0.000
Status B3 *gini

12 Inequality and Urbanity deaths_per_mio_log = B¢ + (1 *urban_pct + B2 *gini 0.227 0.000

13 Poverty and Social Exclusion deaths_per_mio_log = B¢ + (31 *minority_pct + 32 *pct_poor + 32 *gini 0.203 0.000

14 Institutional Trust and Race deaths_per_mio_log = B¢ + (31 *trust_gov + B2 *pop_density + 0.201 0.024

B3 *minority_pct + 84 *minority_pct"2

15 Vaccination Coverage deaths_per_mio_log = B¢ + 31 *s_diffs + B2 *share_older + 0.020 0.000

B3 *Influenza_vaccination_age_65*share_older

16  Population Health, Religiosity, and Compliance ~ deaths_per_mio_log = B¢ + 31 *pct_religious + 32 *resp_disease_prev + -0.085 0.000

B3 *share_older

17 Government Experience deaths_per_mio_log = B¢ + [31 *leader_experience + (32 *corrected_score -0.121 0.000
USA, parameterized
1 Vaccination Coverage deaths_per_mio_log=7.3 -0.102 0.974

-0.31*Influenza_vaccination_age_65*share_older -0.23*s_diffs
-0.17%*share_older

2 Inequality and Polarization deaths_per_mio_log = 6 + 0.5*gini + 0.5*party_leg_right -5.498 0.026
-0.4*party_leg_right*gini + 0.4*pop_density -0.2*pop_density*gini

3 Social Contact deaths_per_mio_log = 6.3 + 0.1*pct_poor + 0.25%pct_religious + -5.555 0.000
0.5*pop_density

4 Population Differences deaths_per_mio_log = 6.3 + 0.3*gini + 0*gini*2 + 0.3*pct_religious -6.166 0.000
-0.1*pct_religious™2 + 0.2*pop_density + 0.01*pop_density"2

5 Inequality and Urbanity deaths_per_mio_log = 6.1 + 0.6*gini + 0.1*urban_pct -8.265 0.000

S3.3 Pairwise Combinations of Predictors

Figure S6 depicts the pairwise combinations of predictors in the country-specific challenges analogous to Figure 1. See

the discussion of 1 in the main text for interpretation of these plots.
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Figure S6: Pairwise combinations of variables submitted to the country-specific challenges.
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Table S8: Regression results for: Crossnational data (general models)

Authoritarian Trust  Govt. Capacity and Inequality  Perverse Development

(Intercept) 5.70%** 5.88*** 5.61%%*
(0.10) (0.16) (0.11)
Health Access 1.14*** 0.72**
(0.10) (0.25)
Trust (Govt) —0.59***
(0.15)
Critical Media 0.24
(0.12)
Govt Effectiveness —0.34
(0.22)
Healthcare 1.62%**
(0.23)
Gini 0.05
(0.16)
Govt Effectiveness? —0.56™**
(0.11)
Gini? 0.29**
(0.09)
HDI 0.54*
(0.24)
R? 0.51 0.51 0.42
Adj. R? 0.50 0.49 0.41
Num. obs. 166 144 162

***p < 0.001; **p < 0.01; *p < 0.05

S4 Evaluating: Supplementary Results

In this section, we report additional results relevant to the evaluating stage for all challenges.

S4.1 Regression table for top three crossnational models

Each general model is a regression model. Our fit statistics (pseudo-R2? and correlation) summarize the predictive
performance of each model. However, for illustrative purposes, in Table S8 we show the top three performing general

models (ranked by pseudo—RZ) in the crossnational challenge.

S4.2 Pseudo-R? Performance in All Challenges

Table S9 summarizes the performance of the best and median-performing models in each challenge.

Figures S7-S10 include scatter plots analogous to Figure 2 for the remaining seven challenges. For the country-specific

challenges, we show only results for the general models to save space.
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Figure S7: Summary of model predictions and observed COVID-19 mortality from crossnational parameterized models.
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Figure S8: Summary of model predictions and observed COVID-19 mortality from general models for the India data.
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Figure S9: Summary of model predictions and observed COVID-19 mortality from general models for the Mexico data.
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Figure S10: Summary of model predictions and observed COVID-19 mortality from general models using USA data.
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Pseudo-R?2

Challenge #of models Best Median
Crossnational, general 28 0.483 0.170
Crossnational, parameterized 16 0.141  -0.379
India, general 9 0422  0.295
India, parameterized 7 -1.67 -3.12
Mexico, general 9 0.455 0.04
Mexico, parameterized 6 0.619 -4.72
USA, general 19 0.549 0.325
USA, parameterized 7 -0.102  -5.56

Table S9: Summary of results from the evaluating analysis of pseudo- R? for each challenge.

S4.3 Stacking and Model Selection

We now report the results of our model selection exercise. Table S10 summarizes the range of the top-five models using
each selection metric. Recall that we only elicit expert opinion for the general models. As such, the expected horserace
and expected stacking metrics are not applicable to the parameterized models. Figures S11-S14 are analogous to Figure

3 in the main text. note that we only show general model results for the country-specific challenges as before.

# of models Range (Top-5)

Challenge # Algorithmic  # Forecast Horserace Stacking Horserace Forecast.  Stacking Forecast.
Crossnational, general 7 9 [0.355, 0.483] [0, 0.572] [0.273,0.513] [0.157, 0.347]
Crossnational, parameterized 8 - [-0.121, 0.141] [0.058, 0.437] Not applicable

India, general 7 6 [0.295, 0.422]  [0.0245, 0.451] [0.060, 0.831] [0.125, 0.292]
India, parameterized 6 - [-3.267, -1.668] [0, 0.945] Not applicable

Mexico, general 7 7 [0.040, 0.455] [0, 0.456] [0.080, 0.439] [0.104, 0.394]
Mexico, parameterized 6 - [-5.074, 0.619] [0, 1] Not applicable

USA, general 7 8 [0.487, 0.549] [0, 0.389] [0.273, 0.493] [0.161,0.311]
USA, parameterized 6 - [-5.633, -0.102] [0, 0.974] Not applicable

Table S10: Summary of model selection results. For each selection method, we choose the top five performing models
in each set. The number of models refers to the number of unique models selected across the horserace and stacking
approaches for either the algorithmic or elicited model selection procedures.

S4.4 Stability of Model Evaluation Results Over Time

To assess the robustness of predictions to the specific date at which they are evaluated (August 31, 2021), Figure S15
plots the evolution of these metrics over time. To create this plot, we have estimated the pseudo-R? and stacking
weights on weekly cumulative mortality data over the course of the pandemic. Both metrics evolve relatively smoothly.
While there is more over-time variation in the weights afforded to each model than the pseudo- R?’s, two observations
are of note. First, our top-two performing models (“Trust in Authoritarian Government” and “Government Capacity
and Social Inequality”) are the top two models throughout the post-prediction period. Second, after August 31, 2021 we

see a notable decrease in the weight afforded the “Government Capacity and Social Inequality” model.
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Figure S11: Summary of model predictions using two algorithmic methods for parameterized models from the
crossnational challenge.
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Figure S12: Model selection using four methods for the general models from India.
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Figure S13: Model selection using four methods for the general models from Mexico.
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Figure S14: Model selection using four methods for the general models from the US.
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S4.5 Relationships among Models

In order to describe the relationship between the submitted models, we propose two metrics. For the input distance
metric, we construct an average multivariate R? measure (MV-R?) to measure the mean distance between two models’
predictors. The multivariate R? generalizes the bivariate regression R? to the multivariate regression setting (39). For

two models with predictor sets X1, X5, we measure their multivariate B2 by (15).

Zil\il d(Xu, 321,1‘)

MV- RQ—)I -

Zij\il d(x1,i%1)
N N
MV- R1—>2 =1- ZZEI d(x2,i,%2,1) (15)
Zi:l d(XZ,i7 )_(2)
1
Avg. MV-R? = 3 (R3_1 + Ri_»)

where d(.) is the Euclidean distance between two vectors and X, X are the vectors of mean of a predictor set and fitted

values from a multivariate OLS of this predictor set upon the other.

For the output distance metric, we estimate an adjusted correlation measure to measure the mean distance between two
models’ predicted outcomes. For two models with predicted outcomes y1, y2, we measure their adjusted correlation by

(16).

Zivl(ylz 91) (Y2, — U2)
@l LW = )2 XN (g2 — 122

Adj. Correlation = —

+1 (16)

For ease of interpretation of the network graphs, we use the model numbers (which are descending pseudo-R? rankings)
in Table S7. These numbers are written on each node in Figures S16 and S17. In Figure S16, we plot two measures of

the distance between the models submitted in the crossnational general challenge.
Figure S17 replicates the analysis from Figure S16 for the other three national challenges.

In both graphs, the models that are given positive (non-zero) weights by the stacking estimators have nodes colored in
brown. We note that these nodes are generally dispersed across the network graphs. This provides suggestive evidence

that the stacking model is affording greater weights to models that are providing different information.

SS Aggregating: Supplementary Results

In this section, we report the results from the aggregation analysis of the other challenges to complement Figure 4.

48



A. Input B. Output

Similarity
1.00

0.75
0.50
0.25

0.00

22

Figure S16: Network graphics of models submitted. The network in the left panel plots the multivariate R? between
predictors of each of the submitted crossnational, general models. The network in the right panel plots the bivariate
correlation between the leave-one-out predictions of each model and actual mortality (p), normalized to a 0-1 scale by

the formula "Qi. The numbering and, in the right panel, size, of the nodes corresponds to model performance according

to the pseudo-R? metric we propose. The nodes corresponding to the models that were awarded positive weight in the
stacking exercise are colored dark red.

S5.1 Difference betwen Stacking and Best Single Models

We first report the estimated differentials between the “best single” and “stacking” models in aggregate model
performance. Figure S18 plots the gains in pseudo—]%2 when we move from the best single to the stacking model for the

crossnational analysis.

S5.2 Comparing Stacking Model to Best Individual Model

We quantify the gains in predictive accuracy of the stacking model over the best individual model in Figure S18. To
conduct this analysis, we fix (a) the stacking model associated with each general challenge; and (b) the best-performing
individual model associated with each general challenge. To conduct inference, we employ bootstrapping. Specifically,
if there are N observations in a challenge, we resample [N observations with replacement. With each bootstrapped
sample, we compute: (a) the pseudo-R? using the stacking model associated with the general challenge and (b) the
pseudo-R? of the best-performing individual model. Figure S18 plots the difference in these pseudo-R? statistics. The
p-values test the one-sided null hypothesis that the pseudo-R? from stacking is less than the pseudo-R? from the best
model. In sample, with the August 2021 COVID mortality outcomes, we reject this null hypothesis at the o = 0.1 level
in all challenges. Out of sample, we can only reject the null hypothesis at this level in the US challenge. However, we
note that across challenges, most bootstrap iterations suggest predictive accuracy gains from stacking over the best

individual model.
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Figure S17: The network in the left panel plots the multivariate distance between predictors of each of the submitted
crossnational, general models. The network in the right panel plots the bivariate distance between the leave-one-out
predictions of each model. The numbering and, in the right panel, size, of the nodes corresponds to model performance
according to the pseudo-R? metric we propose. The nodes corresponding to the models that were awarded positive

weight in the stacking exercise are colored dark red.
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Table S11: Performance gains of stacked supermodel over the best single model.

Performance (mean pseudo-R?)

Metric Timepoint Best Single Stacking  Gain
Crossnational
Level Aug?2021 0.48 0.53 0.10
Score  Aug 2021 0.70 0.74  0.06
Level June 2022 0.63 0.65 0.04
Score  June 2022 0.79 0.81 0.03
India
Level Aug2021 0.42 0.58 0.38
Score  Aug 2021 0.67 0.77 0.15
Level June 2022 0.10 0.16 0.68
Score  June 2022 0.37 0.41 0.10
Mexico
Level Aug?2021 0.45 0.54 0.19
Score  Aug 2021 0.68 0.74  0.10
Level June 2022 0.47 0.50 0.06
Score  June 2022 0.69 0.71 0.02
USA
Level Aug2021 0.55 0.63 0.15
Score  Aug 2021 0.74 0.80 0.07
Level June 2022 0.47 0.56 0.19
Score  June 2022 0.69 0.75 0.09

S5.3 Aggregation Results: Other Challenges

We now summarize the results of aggregating across the four general and four parameterized challenges in Table S12.
Figures S19-S22 report the full results for each of the challenge analogous to 4 in the main text. Note that we only show

results for the general models for the country-specific challenges as before.

S5.4 Redefining Expert-Favored Models

To define the expert-favored model, we have used forecasters’ stacking predictions as the basis for selecting their most
preferred model. This is for consistency and comparability with the other approaches in aggregating used in this paper.
Here we provide results using an alternative selection metric, namely the forecasters’ horserace predictions (probability
of each model of being the best-performing model). The most preferred models selected under the horserace and
the stacking predictions are shown in Table S13 alongside their average weights for each model challenge. With the
exception of India, experts selected different models in each forecast. Figure S23 shows the best models’ performances
in the actual aggregating analysis using each forecasting metric. Since the elicited stacking model also consistently
outperforms the horserace best model, we consider the former as an upper bound for aggregating performance using the

expert-favored strategy.
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Figure S19: Prediction aggregation metrics for crossnational parameterized models. Because we did not elicit forecasts
for parameterized models, we do not include the expert favored, representative expert, or wisdom of the crowds metrics.
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Figure S20: Prediction aggregation metrics for general models for India.
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Figure S21: Prediction aggregation metrics for general models for Mexico.
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Figure S22: Prediction aggregation metrics for general models for the USA.
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# of models in Estimate

Algorithmic  Elicited  Best  Median . Expert  Rep. Wisdom
Challenge . . . . Stacking
metrics metrics  single  single favored expert
crowds
Crossnational, general 28 26 0.483 0.169 0.532 0.420 0.345 0.364
Crossnational, parameterized 16 - 0.141  -0.369 0.477 Not applicable
India, general 9 9 0422  0.295 0.582 0.094  0.447 0.489
India, parameterized 7 - -1.67 -3.11 -1.67 Not applicable
Mexico, general 9 9 0.455 0.040 0.543 0.345 0418 0.431
Mexico, parameterized 6 - 0.619 -4.76 0.619 Not applicable
USA, general 19 18 0.549  0.325 0.631 0.536  0.535 0.547
USA, parameterized 7 - -0.102  -5.56 -0.098 Not applicable

Table S12: Summary of model aggregation metrics across challenges. Because we did not elicit expert forecasts over
parameterized models, we do not include those metrics for them.

August 2021 Forecast August 2022 Forecast
Forecast Favored Model Forecast Weight Favored Model Forecast Weight
Crossnational
Horserace Trust, Development, and State 0.513 Trust, Development, and State 0.512
Stacking Government Capacity and Social 0.347 Government Capacity and Social 0.365
Inequality Inequality
India
Horserace Minority Representation and 0.831 Minority Representation and 0.751
Urbanization Urbanization
Stacking Minority Representation and 0.292 Minority Representation and 0.259
Urbanization Urbanization
Mexico
Horserace Investment Inequality 0.439 Investment Inequality 0414
Stacking Trust Poverty and TB 0.394 Trust Poverty and TB 0.409
USA
Horserace Health 0.493 Health 0.469
Stacking Lasso 0.311 Lasso 0.302

Table S13: Expert-favored models using two different forecast weights.
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Figure S23: Comparison of performances for the expert-favored models selected using two types of forecast weights.
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Table S14: Comparing model performances between user-submitted and simulated three-predictor models.

User-submitted Simulated
Challenge Mean SD 95%CI(L) 95%CI(U) Skew Kurtosis Mean SD 95% CI(L) 95% CI(U) Skew Kurtosis
Crossnational 0.11 024 -0.39 044 -0.83 3.55 0.03 0.21 -0.47 0.37 -1.34 6.69
India 0.19 0.21 -0.14 041 -0.74 2.08 -0.13 0.35 -1.00 0.35 -1.02 3.53
Mexico -0.04 049 -0.90 044 -0.79 251  -0.22 040 -1.00 0.37 -0.72 2.71
USA 0.30 0.20 -0.11 0.54 -0.80 290 -0.06 0.19 -0.50 0.29 -1.72 10.39

S6 Simulating Model Selection by Machine

We extend the analysis from Figure 5 to the other challenges in this section. First, we outline our algorithm for sampling
of models. The sampling strategy parallels the format of the MCs and the Shiny app that was provided to modelers. For

each challenge we:
1. Randomly sample three predictors from the MC predictors.
2. Randomly select one type of model: polynomial (quadratic), interaction, or neither, each with probability 1/3.

3. For polynomial or interaction models, we follow the Shiny menu of options to select terms to be excluded from
the statistical model. We do so by generating a Bernoulli random variable (with p = 0.5) for each term and

including the term if the draw takes the value 1 and omitting the term if the draw takes the value 0.

Following this algorithm, we sample 5000 x M, (M, is the total number of user-submitted models in each challenge
c) models per challenge. Figure S24 shows the performance of the randomly generated models relative to the user
submitted models in each MC. Table S14 presents the corresponding summary statistics for the two types of models
per MC. Figure S25 compares the performance of the stacking model estimated on the user submitted relative to the
stacking model estimated on equivalent-sized sets of randomly generated models. In three of four challenges, our
estimated stacking models outperform every simulated model. In the Mexico challenge, 6.9 percent of the simulated
models outperform our estimated stacking models (p = 0.069). Consistent with our interpretation of Figure 5, this
suggests that the best user-submitted models outperform machine-selected models. These highly-predictive models

yield performance gains of the stacking meta-model.
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Figure S24: Horserace simulation. The density plots represent the distribution of pseudo-R?’s from 5,000 sets of
simulated three-predictor models in the common MC datasets for each challenge.
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Figure S25: Stacking simulation. The histograms represent the distribution of pseudo-R?’s from 5,000 simulated
stacking models in the common MC datasets for each challenge.
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% of observations remaining

Challenge General Parameterized
Crossnational  1.81% 7.8%
India 64.5% 87.1%
Mexico 100% 100%
USA 92% 92%

Table S15: Percent of observations remaining after listwise deletion for any missing predictor.

S7 Missing Predictors and Imputation

In this section, we examine the robustness of our model evaluation to alternative treatments of missing predictors. In

the model challenge, instructions read:

"If a proposed model uses data with missing observations, the model will be fit without any imputation
(unless an imputation procedure is provided). The predicted values from the model will then have missing
values. Missing predictions will then be implemented using average predictions from the model. The idea
is that models are assessed on how they predict for the full set of cases and so a full set of predictions
should be provided, even if these are based on incomplete data."

We can see the implementation of this approach in Figures 2 and S8-S10 where there is a mass of points in a vertical
line at the mean. We prespecified two alternate approaches to missingness. First, we prespecified evaluating models on
only cases without missing data (i.e., listwise deletion). This strategy is not viable for the crossnational challenge given

high levels of missingness, as shown in Table S15.

In addition to inherent uncertainty regarding the future trajectory of the COVID-19 phenomenon, the variables that we
provided were not all fully available and some covariates had more missingness than others. Our primary approach
to missingness, which was communicated to MC participants, was to impute the sample mean for observations with
missing predictors. If a submission included an imputation algorithm with a model, we treat the algorithm as part of the
model. In Figure 2, we depict observations with missing data for any predictor as points that appear on vertical lines.
As the data in the figure show, the predictive accuracy of many weaker-performing models is limited by missing data.

We view inaccurate predictions stemming from missing data as an artifact of the prediction exercise.

Due to the excessive level of listwise missingness in the crossnational data we have adopted a multiple imputation
procedure to deal with missingness in our model data. We use the Multivariate Imputation by Chained Equations
(MICE) algorithm to impute missing observations in each variable according to its level of measurement and as a
function of synthetic values in other variables in the same dataset. For each challenge, we obtain a fully imputated
challenge datasets from this procedure, re-run our models on the new data and replicate our main analyses on the
updated models without missing inputs. We depict the results in Figures S26 to S28 where pre- and post- imputation

results are shown side-by-side.
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Generally speaking, input imputation has lead to an improvement in model performance across all challenges in all
analyses. Unsurprisingly, the greatest improvement occurs in cases most affected by missingness. In particular, the
pre-prediction imputation led to a reshuffling of mode performance rankings in the evaluating analyses, where previously
worst-affected models now usually achieve higher pseudo-R? and stacking weights than before, compared to their
less-affected competitors. In contrast, the aggregating analysis experiences less significant improvement in terms of

aggregate model performances.

In the Mexican case, there are no missing predictors among those used in parameterized models, so its results are the

same before and after imputation. For concise display, we omit outputs for the Mexican challenge in this section.

S7.1 Evaluating

This section compares the results of the evaluation analysis with mean-imputation to those with multiple-imputation. We
report results for the crossnational general challenges where missingness was most severe (per Table S15). Figure S26
shows that model performance with respect to pseudo-R? improves substantially with multiple- over mean-imputation.
Figure S27 shows that top-performing models with respect to both pseudo-R? and stacking weights changes also

changes considerably in their composition after multiple imputation.
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Figure S26: Pre- and post-imputation performar61<1:es of the general models for crossnational data.
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S7.2 Aggregating

Figure S28 compares the results reported in Figure 4 to those generated with multiple imputation. Imputation improves

predictive performance of all models. However, the main results described in the main text are maintained.
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Figure S28: Prediction aggregation metrics for crossnational general models before and after imputation.
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S8 Deviations from Pre-Analysis Plan

1. In our metric of model success for the level approach, we prespecified:

Vg = — Z@zk —yi)?

i
To facilitate cleaner interpretation of vy, we have normalized this expression to (7).

2. The pre-analysis plan suggests three steps: gathering, selecting, and aggregating. We have reconceptualized
the gathering stage in this paper to focus on the content of submitted models and not predictive performance.
Analyses that were pre-specified as "gathering" and "selecting" have now been combined and are reported as

"evaluating."

3. In our evaluating analysis, we pre-specified examining the Lasso-residualized pseudo-R? measure for the
horserace. However, in the forecasting, respondents were not asked to make model predictions relative to the
Lasso model. To improve comparability across the two types of horserace evaluating exercises, we have not

residualized the models in the algorithmic approach.

4. Due to the high level of missingness with listwise deletion of observations with missing covariates (see Table
S15), we do not examine the robustness of our metrics of predictive accuracy on this subset of observations. We

do implement multiple imputation to assess robustness.

5. Due to one model challenge participant submitting two pairs of identical models in the crossnational challenge
(one general and one parameterized) we have removed one model from each model type. This reduces the total
number of submitted models from 90 reported in the PAP to the 88 analyzed in this paper. All figures reported in

the paper reflect the actual number of models evaluated in the analyses discussed above.

6. The pre-analysis plan underspecified the source of the elicited predictions in the aggregation step. Figure 4 uses
predictions from the stacking forecasts only. We include Figure S23 to show that this indicates that our approach

(using stacking forecasts), if anything, overstates expert abilities to aggregate.
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