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Abstract

GPS mobility data are increasingly used in epidemic modeling, allowing the construction of co-location
networks or population flows. These trajectories typically exhibit high temporal sparsity because data
collection is opportunistic and tied to phone use. Despite growing awareness of this limitation, the
analysis and treatment of biases derived from it have been largely overlooked in existing epidemic
modeling studies, raising concerns about the robustness of downstream inferences. We introduce a
principled framework to quantify the impact of trajectory sparsity on key epidemic modeling outcomes
across different levels of data missingness. Our approach leverages a highly complete dataset that
exhibits both near-complete and sparse GPS trajectories. Near-complete trajectories provide baseline
epidemic outcomes, while sparse trajectories provide realistic missingness patterns that we impose on
the baseline to measure bias. In this way, we show how missing records can result in substantial
underestimation of key measures of epidemic intensity, explained not only by the amount of missing
data, but by more complex features of data missingness that should be taken into account when
designing correction methods. Finally, we propose and evaluate a correction based on inverse probability
weighting of the contact network before epidemic model calibration, which is shown to reduce bias and
parameter misspecification. We also demonstrate this correction on a separate anonymized sample
from a commercial GPS mobility dataset and report on its effect. Together, our findings provide a first
rigorous quantification of trajectory-sparsity bias in epidemic modeling, offering initial guidance on the
treatment of this issue.

1 Introduction

The COVID-19 pandemic demonstrated that human mobility data can be successfully integrated into a rich
variety of experiments and decision-support tools, leading to their widespread adoption in epidemiology
and other domains. Behind this trend was the sharing of commercial GPS data from mobile phones
with researchers and public institutions, as part of “Data for Good” initiatives by data providers [1-4].
Compared with other sources of mobility data, GPS traces provide richer insights into the relationship
between mobility and epidemic spreading [5-7], due to their high spatiotemporal resolution and coverage,
often encompassing a few percent of national populations [8-11]. Such high precision enabled the use
of co-location networks for epidemic simulations [12], the identification of infection hotspots [5} (13|, the
evaluation of the effectiveness of vaccinations [14} 15| and non-pharmaceutical interventions |16} |17], and
the study of behaviors associated with stay-at-home mandates [18, [19]. These data have also informed
human behavior in other domains, like disaster response and displacement [20-22|, transportation systems
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and travel demand [23, [24], sustainable urban planning [25-27], experienced segregation [28|, and the
broader determinants of human mobility and behavior [29H32].

Despite their potential, the robustness of findings derived from commercial mobility datasets can be
limited by two types of bias: demographic biases, because individuals in the dataset are users of specific
smartphone apps that do not fully represent the general population [8) [33-35]; and data-missingness
biases, because location records are mainly sampled opportunistically when those apps are being used,
and subject to throttling by battery-saving software settings linked to geofencing, detected movement,
and battery level [36/-41]. Such gaps in the data, or temporal sparsity, can range from minutes to several
days, substantially affecting the coverage of commonly used panels [8 38, 42-44]. As an example, our
analysis of a sample from Cuebiq—a widely used commercial GPS provider—with approximately 1,000
trajectories from Ithaca, NY, spanning September—November 2024, shows that over 80% of users have no
data in more than half of the hours (see Supplementary Section . These numbers are in agreement
with other samples from the same provider [42]. More importantly, these gaps can be correlated with
contextual and behavioral variables, distorting estimated mobility metrics. Sparsity appears to be higher
at night, on weekdays, and when devices are at home |39} 45-47], while other work links it to the type of
venue being visited [41], social demonstrations [48|, affluence [49], and inferred radius of gyration [50].

In response to these two sources of bias, researchers have developed much clearer guidance for handling
demographic bias than for data-missingness bias. Mobility panels can be linked to high-quality adminis-
trative data, like Census data, through inferred home areas. Thus, validating panel composition against
ground-truth sociodemographic data and the use of post-stratification to mitigate biases have become
standard practice [33, 35, 51156, including in epidemiology [, (13} 46, 47, [57]. In contrast, there is no
comparable standard for the treatment of biases caused by trajectory data missingness. Some studies
propose methods to debias specific mobility metrics, mostly through imputation [40, 46| 49, 58-60] but
also with weights [28]. These approaches, while innovative and possibly effective, are usually ad hoc and
typically not validated against high-quality ground truth. Other studies do validate debiasing methods
with external auxiliary data, including official hourly time-use surveys and direct follow-up surveys of
frequently visited locations |41}, 45|, but such benchmarks are not as comprehensive or granular as ad-
ministrative data used for post-stratification. Absent such benchmarks, another principled approach is to
start from a baseline of relatively complete trajectories, “sparsify” them by removing records at random,
and measure the induced error in metrics such as entropy, distance traveled, or radius of gyration, with
and without correction |61, 62|. This approach enables validation against a known target statistic, echoing
established practice in survey nonresponse analysis [63-65] and in graph theory [66) [67].

In epidemic modeling, GPS data missingness propagates into epidemic outcomes by making network
inputs—such as co-location estimates, flow networks, or point-of-interest visitation tables—Iless dense
and connected. The typical processing pipeline through which these errors propagate is summarized in
Figure [Th, while Figure gives an example of reduced connectivity due to trajectory sparsity. These
changes slow the spreading dynamics in ways well-understood by analytical and simulation studies of
sparse, random, and synthetic temporal networks [68-74]. However, a rigorous treatment of trajectory
data-missingness bias faces two limitations. First, many epidemiological studies integrating human mo-
bility data begin from already-aggregated inputs, in which the sparsity in the population contact patterns
conflates with the sparsity induced by missing trajectory data |5, |6 |11, [751-78]. This conflation makes
sparsity bias correction infeasible, since inputs requiring correction may be indistinguishable from inputs
with no missingness-induced bias. It also limits studies quantifying bias by pruning or adding edges to
already aggregated flow networks, and observing changes in epidemic outcomes [49, |66} |79]. Second, direct
benchmarks for bias correction—ground-truth contact patterns, epidemic outcomes, or nearly complete
trajectories for data amputation—are rarely available. Parameter calibration may partly correct this data-
missingness bias, especially when epidemic models are fitted to historical incidence curves and mobility
data |5, 80, 81]; yet the extent to which model calibration debiases outcomes, and the degree of parameter
misspecification it would introduce, remains an open question |81} [82].
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Figure 1: Quantifying the effect of trajectory sparsity on epidemic modeling outcomes. (a) Overview of the
processing pipeline transforming raw individual GPS trajectories into epidemic modeling predictions. (b) Synthetic example
illustrating how trajectory sparsity affects the estimated probability that infected individual B transmits the infection to
susceptible individual A. The panels show three sparsity regimes: 0-5% (left), 20-30% (center), and 50-60% (right) missing
hours. Stop locations (squares) are inferred from GPS pings (dots), with sparse timestamps (top insets). Sparsity reduces
contact duration and infection probability (central insets). (c¢) Data-driven trajectory sparsification procedure, in which
temporal gaps from a sparse trajectory are overlaid onto a complete one (top panel). Sampling random sparsity patterns
and applying them to the baseline complete trajectories results in a set of trajectories with realistic sparsity (bottom panel).
(d) Example SIR simulation on daily contact networks derived from complete trajectories (top) and sparsified trajectories
(bottom), shown at initialization (seeded with 3 random nodes) and 10 days in. Node colors indicate the individual’s
compartment (S, I, or R) (see Methods Section [4). (e) Epidemic outcomes in the ground-truth scenario (blue) vs. the
40-50% sparsity regime (purple), based on 100 simulation runs. Top: daily infections over time, with dots indicating each
simulation’s peak infection count Ipeak. Bottom: cumulative infections, with dots indicating total infections Ito:. Insets show
boxplots for Ipeax and Iior, with boxes representing IQR and whiskers denoting the 95% confidence interval.

These limitations point to a gap between general awareness that GPS mobility data can exhibit spar-
sity, and the limited treatment of data missingness bias in epidemic modeling research. In contrast to
demographic bias, for which validation experiments and post-stratification are common practice
, biases from trajectory data-missingness are usually left unaddressed ,
or treated with ad-hoc imputation procedures . To our knowledge, there is still no rigorous
analysis of the effect of trajectory sparsity on key epidemic modeling outcomes, nor is there any basic
guidance on how to correct biases arising from it.
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In this paper, we address this gap by introducing a rigorous framework to quantify bias from temporal
sparsity in GPS trajectory data and evaluate correction methods against a near-complete baseline, tra-
jectories with data missing in less than 5% of study-period hours. We implement it by adding empirical
temporal sparsity to near-complete anonymized GPS trajectories from approximately 1,000 students at the
Technical University of Denmark (DTU) campus [90]|. This dataset is well suited to our framework thanks
to two key features. First, it captures a tightly connected population with interactions concentrated in
overlapping environments, facilitating simulations of epidemic spread. Second, it combines fixed-interval
measurements, which provide long highly complete sub-trajectories for some users, while other users ex-
hibit opportunistic sampling triggered by app use and software settings, resembling commercial datasets.
This combination lets us compare epidemic simulations on near-complete trajectories against counterfac-
tuals in which observed sparsity patterns from the opportunistic sampling have been added, with and
without corrections.

Our contributions are threefold. First, our framework enables analyses of trajectory-sparsity bias in
epidemic modeling, where auxiliary benchmark datasets for direct bias measurement are rarely available.
We show that data missingness can result in underestimation of final epidemic size, peak incidence, and
probability of outbreak, with the errors worsening as sparsity increases. Second, we show that analyzing
these biases using empirical missingness results in larger quantified biases compared to analyses removing
records completely at random. Thus, our data-driven sparsification approach improves upon previous
studies of robustness assuming missingness completely at random (MCAR) [61} |62], which can lead to
erroneous assessments and treatment of trajectory-sparsity bias. Third, we evaluate inverse probability
weighting (IPW) of contact durations followed by epidemic model calibration as a correction grounded in
survey nonresponse theory. In experiments with DTU data, it successfully mitigates bias in key epidemic
outcomes while reducing parameter misspecification relative to calibration using uncorrected mobility
inputs. Our experiments with sparse commercial GPS data from Cuebiq further show that the method
remains practical even when high sparsity prevents a baseline of near-complete trajectories. Together,
these results raise concerns about the magnitude of these biases and the serious inferential errors that can
occur when this problem is not addressed, while providing initial guidance for correcting data-missingness
bias in the field, a step largely omitted in current epidemic modeling practice.

2 Results

To evaluate the effect of varying levels of trajectory sparsity on epidemic modeling outcomes, we use a
sample of 363 near-complete trajectories from the DTU Campus data as a baseline for epidemic simulations.
Each trajectory is a sequence of device-level spatiotemporal records, or “pings”. Ping-table formats vary but
a typical record has the form “(device id, lon, lat, t)”, where “device id” are pseudo-anonymized device-
level identifiers, “lat” and “lon” are WGS84 coordinates, and “t” is Unix time in seconds (see Methods
Section . Following [62], we quantify sparsity as the percentage of hours without data, and define a
trajectory as complete when its sparsity over the study period is below 5%.

We then construct five sparsity regimes with target average sparsity levels between 10% and 60% (10—
20%, 20-30%, 30-40%, 40-50%, and 50-60%), consistent with typical patterns observed in commercial
location datasets (Supplementary Section reports the sparsity levels in data gathered from Cuebiq, a
leading location intelligence company). For each sparsity regime, we first select from the original dataset
the trajectories whose empirical sparsity falls within the corresponding range; these trajectories provide
data-driven templates of missingness. We then replicate sparsity patterns by adding temporal gaps to the
initially complete trajectories (Fig. ) This approach assumes that empirical missingness is independent
of users and their mobility since we sample the gaps from individuals who are not part of the complete
sample.

These near-complete trajectories therefore provide the baseline epidemic outcomes for the missingness



process studied here. Although this sample of users likely exhibits selection bias, we can be sure that
statistics computed from such trajectories will not exhibit any data-missingness bias, hence epidemic
simulations on these trajectories can be treated as “ground-truth” or target outcomes to compare against.
The sparsified versions then act as counterfactual trajectories, in which the only differences are the added
sparsity patterns. Thus, comparing epidemic simulations before and after adding these gaps allows us to
isolate the bias. This type of analysis is often referred to as data amputation or synthetic missingness in
missing-data simulation studies [64, 65].

Our simulations integrate a simple SIR compartmental model over a temporal network of contacts
derived from the location trajectories of each pair of users. As an example, Fig. shows two daily
snapshots of a single SIR simulation run on contact networks derived from complete trajectories and from
sparsified trajectories in the 40-50% sparsity regime.

Repeating this simulation pipeline allows us to estimate variation in the epidemic outcomes while
accumulating two sources of uncertainty: randomness from the epidemic dynamics and randomness from
the sparsification process. For each sparsity regime, we therefore use an ensemble of 5,000 simulations,
consisting of 100 epidemic simulations for each of 50 missingness realizations. In the following sections, we
report the mean and its standard deviation over the realizations of missingness for all epidemic outcomes.
Additional indicators, including confidence intervals, are reported in the Supplementary Information.

2.1 Trajectory sparsity leads to underestimated intensity and frequency of epidemic
outbreaks

The adverse consequences of an epidemic outbreak are directly linked to how easily a pathogen can spread
over the population. We therefore focus on quantifying bias in model outcomes that describe the likelihood
of an outbreak occurring as well as its intensity if it occurs. First, the probability that an infection seed
grows into an outbreak, poutbreax, is central to early risk assessment and to deciding whether containment
efforts are justified before wider spread occurs. Given the ensemble of stochastic simulations, we define
Poutbreax as the fraction of simulations where I;o, exceeds 5% of the total population. Over the resulting
set of outbreaks, we then define the total fraction of individuals infected by the end of the epidemic, Iio,
which reflects its overall burden and the human cost to society, and the day of last infection, tiot, which
captures how long the crisis is expected to last (Fig. ) Finally, the peak incidence, Ipeax, together with
its timing, tpeax, capture the moment of greatest pressure on health-system capacity, indicating how long
authorities have to prepare to handle the crisis (see Fig. , bottom). For our results, we compute point
estimates, quartiles and 95% CIs of the epidemic descriptive statistics, emphasizing again that we use
only the ensemble of realized outbreaks (excluding the extinguished outbreaks allows us to consider only
epidemic curves which are meaningful). In the following, we describe in detail the results obtained using
the data-driven sparsification approach. Fig. —c (purple) and Fig. (left) illustrate and characterize
the data-driven sparsification, aspects which are described in more detail against random baselines later
in section

For our parametrization of the SIR model, increasing trajectory sparsity leads to noticeable shifts in
epidemic outcomes. From Fig. (purple boxplot), we observe a decrease in epidemic size as empirical
sparsity increases. The ground-truth values of Itor = 85.29 & 0.03% and Ipeax = 33.86 £ 0.06% reach
a minimum of 24.92 + 0.19% and 6.87 & 0.05% under 50-60% sparsity, respectively. This corresponds
to a relative reduction of 70.78 £ 0.23% for Itor and 79.72 4 0.16% for Ipeax. Trajectory sparsity also
reduces the probability of an outbreak. Ground-truth simulations show a poutbreax Of 98.32 +0.15% which
decreases to 65.0640.77% for the 50-60% range. This corresponds to a relative reduction of 33.264-0.77%.
Moreover, the variance in the probability of outbreak poutbreax increases with the sparsity levels (as detailed
in Supplementary Table .

From Fig. [2f (top panel, purple plot) we observe that the day on which the number of cases peaks, tpeax;
is delayed by over a week when sparsity reaches levels of 40% or greater (as detailed in Supplementary
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Table . Additionally, under high sparsity regimes, the epidemic simulations do not reach the extinction
phase within the considered time window.Hence, the estimates of Ii.¢ and the day of last infection tio¢
are biased, and the variance in Iy is larger (see bottom panel of Fig. , and also bottom panel of Fig. ,
purple plots).

These results can be interpreted as follows: Holding all other factors constant, predictions using a
sparser dataset decisively flatten the curve of cases, underestimating the intensity of the epidemic and
probability of outbreaks. As expected, trajectory sparsity reduces the number and duration of contacts,
corresponding to the edges of the contact network, which in turn results in a decreased epidemic intensity.
The ground-truth scenario accounts for 65,766 daily detected contacts over the study period and an average
time in contact (across non-zero edges) of 114 & 0.5 minutes (detailed in Supplementary Section [S.8)). Both
measures decline steadily as sparsity increases, reaching about 23,309 + 90 daily contacts (—64.56 +0.14%
from the ground truth) and 87 4+ 0.19 minutes of average contact (—23 = 0.4% from the ground truth) at
the 50-60% range. A more direct proxy of the network’s sparsity that takes into consideration the epidemic
parameters is the average reproduction number Ry (detailed in Supplementary Section , which also
exhibits a commensurate decrease (Supplementary Table .

2.2 Assuming random sparsity distorts bias estimates
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Figure 2: Data-driven sparsity differs from random baselines. (a) Trajectory sparsity under different sparsification
approaches for the 40-50% level of missing hours. The data-driven approach (top, purple) is compared to two random
baselines: (center, red) random-shuffling and (bottom, gray) random-uniform removal of records. Rows indicate the users
while columns indicate the time at the hourly resolution. Missing hours are shown in black and hours with data are shown
in color. The inset in each panel represents a single trajectory. (b) Distribution of gap duration (left) and gap duration
entropy (right) for the three sparsification approaches. The random-shuffling is equivalent to the data-driven approach since
gap durations are preserved (gap statistic computation is detailed in Supplementary Section. (c) Probability of missing
data (top) and probability of contact between users (bottom) over hours of the day during weekdays (dots) and weekends
(diamonds). (d) Number of detected contacts vs. the percentage of missing users within each hour of data (dots). Colors
indicate the hour of the day (see color bar). Black dots show median values within bins along the x-axis. Results in panels a-d
are shown for the 40-50% sparsity level. (e) Outbreak probability (top), peak daily infections (center), and total infections
(bottom) for the three sparsification strategies. The sample size of the realized outbreaks is reported in Supplementary Table
Boxplots display the IQR with whiskers marking the 95% CI. Vertical lines denote the median and dots indicate the
mean. (f) Occurrence of peak day and last infection day over the ensemble of realized outbreaks.



As mentioned above, prior work on analyzing bias in mobility metrics due to sparsification or data ampu-
tation [61, 62| assumes missingness completely at random (MCAR), in which each record is deleted with a
constant probability. Superficially, the MCAR, assumption seems implausible given extensive evidence of
intertemporal correlations in behavioral data |39, 41} |45, 46| 48]. Nonetheless, it is of interest to study how
different our analysis of bias is by performing data amputation according to the empirical data missing-
ness patterns which, after all, are the type of missingness that would need to be addressed in practice. To
model missingness assuming MCAR, it is sufficient to know the volume of observed data. In contrast, we
expect empirical sparsity to be more heterogeneous, likely dependent on time, with longer gap durations,
and even correlations in the missingness across users if they share the same context or use the same apps.

We evaluate the effect of sparsity heterogeneity in empirical missingness on the epidemic modeling
outcome biases by comparing the data-driven outcomes with those obtained from two baselines: (i) a
random-shuffling approach, in which we sample from the sparse trajectories while preserving the duration
of gaps and intervals with records, but randomize their order by alternating between them; and (ii) a
random-uniform approach, in which hourly gaps are added homogeneously to match the prescribed sparsity
level (Fig. ) Compared to the data-driven sparsity, the random-shuffling has the same distributions
and entropies of gap duration by design (Fig. ) but it breaks the temporal patterns of sparsity. In
fact, the probability that a record is missing is constant through time in contrast to the data-driven case
(Fig. , top panel). Instead, the random-uniform approach removes all dependencies and assumes that
each hour’s missingness is independent and identically distributed, preserving only the amount of missing
hours but distorting both the gap distribution and the temporal patterns. Supplementary Fig. ] compares
the distribution and entropy of gap duration between the data-driven and random-uniform approaches.

On one hand, when the random-shuffling approach preserves real gap durations while breaking the time
dependence, we observe a larger bias, with a steeper decline in epidemic intensity as sparsity increases
compared to our chosen approach (gray versus purple in Fig. ) We observe a relative reduction of Iiot
for the 50-60% level of 77.06 & 0.22% for Ii,: compared to the data-driven reduction of 70.78 & 0.23%.
On the other hand, the random-uniform approach underestimates the biases across all metrics of epidemic
intensity (red versus purple in Fig. ) with a relative reduction of 45.53 + 0.22% (Supplementary Table
. For both baselines, we do not observe noticeable differences in the occurrence of the peak and of last
infection (Fig. 2f and Supplementary Tables . Supplementary Section reports the variation of
the epidemic outcome metrics for all sparsity ranges.

Empirical missingness deviates from the random-uniform approach in both gap duration and the
temporal distribution of gaps, whereas the deviation from the random-shuffling approach lies solely in
the time dependence. However, these deviations distort the EMOs bias estimation in opposite directions:
the random-uniform approach underestimates, while the random-shuffling approach overestimates the
magnitude of the downward bias in epidemic intensity and probability of outbreak. There are two main
reasons underlying the result above. First, the pre-processing of the data, namely, the stop-detection
algorithm is robust to small temporal gaps, of which there are more in the random-uniform approach
(Fig.[2b and Supplementary Fig. . Second, the random-shuffling approach breaks the dependence on the
hour of the day, resulting in a higher share of gaps added during the day compared to what is observed
under empirical missingness. In turn, this results in relatively fewer estimated contacts since most of these
happen during daytime hours (see Fig. , bottom panel). Additionally, under data-driven sparsity, we
measure a negative correlation (p = —0.46 for 40-50% sparsity) between the fraction of users without
records and the number of detected contacts in a given hourly bin (Fig. , left). Instead, this correlation
is much less pronounced for the two random baselines, p ~ —0.05 for 40-50% sparsity (see Fig. , center
and right panels and Supplementary Table [§] for the correlations over all sparsity ranges).

The bias discrepancies between the empirical and the two baselines reveal that independence assump-
tions about the data-missingness patterns, neglecting the heterogeneity present in real datasets, can result
in incorrect estimations of sparsity-induced biases, and misinform the design of correction mechanisms.
These results are consistent across different levels of sparsity (see Supplementary Section .
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Figure 3: Debiasing approaches mitigate errors in epidemic simulations. (a) Contact rescaling methodology (top
row): a biased contact duration is rescaled through inverse probability weighting (IPW) based on the probabilities that data
are available at that hour for each of the users. The probabilities used for weighting are computed at the hourly resolution
for both weekend and weekday periods (Supplementary Section details the rescaling procedure). (b) Instance of oracle
and calibration modeling on biased contacts (center) and rescaled contacts (right). Oracle modeling employs the ground-
truth simulation parameters (left table) while calibration searches for the optimal parameters which provide the best fit to
a ground-truth curve of cases (left inset) derived from the ground-truth network and ground-truth simulation parameters
(left). Calibration on biased contacts recovers the ground truth (center inset) at the expense of overestimating the infection
probability 8 (center table). The bias in this specific example is mitigated when calibrating on rescaled contacts (right table).
(c) Realized outbreak probability (bottom left), peak daily infections (top right), and total infections (bottom right). The
sample size of the realized outbreaks is reported in Supplementary Table Boxplots display the IQR with whiskers marking
the 95% CI. Vertical lines denote the median and dots indicate the mean. (d) Occurrence of peak day and last infection
day over the ensemble of realized outbreaks. (e) The ground-truth simulation parameters (blue diamond) are compared to
the estimated parameters derived from calibration on biased contacts (left) and rescaled contacts (right). Dots indicate the
median and error bars denote the 95% CI over the missingness realizations. The underlying heatmap displays the average R
computed from the ground-truth contacts over the (3,~) parameter space (Supplementary Section details the outcomes
from calibration).

The simulations in our previous results use the ground-truth parameters, which are not available to prac-
titioners wanting to apply epidemic modeling. In some cases, parameter estimates are borrowed from
clinical experiments or other prior work and, thus, treated as ground truth , a scenario in
which our observation of growing bias with increased sparsity could apply and be mitigated by “rescal-
ing” the network of contacts, compensating the loss of connectivity. We will refer to simulations using
ground-truth parameters as oracles. However, the typical experimental design in mobility-informed epi-
demiology involves calibrating some, if not all, of the model parameters to target caseload data. This
calibration can reduce the bias in key outcomes, particularly if these are part of the target for calibration,
without directly addressing trajectory sparsity. We therefore ask whether calibration alone is sufficient to
address trajectory-sparsity bias, or whether direct treatment of sparsity in the mobility inputs is neces-
sary. To answer this question, we compare model calibration, rescaling of the contact network, and their
combination.

To rescale the contact network, we re-weight each observed contact duration using hourly weights that



reflect heterogeneity in trajectory sparsity. Specifically, we apply inverse probability weighting (IPW),
rescaling each observed contact by the inverse of the probability that both users have location records
at that hour (Fig. ) We propose the use of IPW as it is a standard method from survey nonresponse
theory and can be implemented using trajectory-completeness statistics computable from the raw data.
For model calibration, we fit the epidemic model parameters to reduce discrepancies between predicted
and “observed” caseloads without further corrections to the biased mobility data (Fig.[3p). We implement
this calibration using Bayesian kernel fitting [93]. The Methods Section /4| describes both approaches in
detail. We first evaluate contact rescaling against no rescaling under the oracle setting to isolate its effect
on EMOs, and then calibrate the model on both the uncorrected and rescaled contact networks using the
same ground-truth target caseload curve.

Calibration accurately recovers Ipeax, Itot, tpeak, and ttot, consistent with the fact that these quantities
are descriptive statistics of the target caseload curve used for fitting (Fig. [3c and Fig. ) More notably,
contact rescaling alone also mitigates bias in these four outcomes under the oracle setting, even though it
only re-weights non-zero contact durations while preserving the sparser structure due to missed contacts
(Fig. ) The point estimates of poutbreax are closer to the ground truth for all debiasing methods,
over 90% versus 98% for ground truth, albeit the variance is quite high for the calibration methods
(Fig. ) Nonetheless, in the regimes with the highest sparsity, this statistic remains underestimated
even after debiasing. For instance, the complementary probability that a seeded outbreak extinguishes is
overestimated threefold, over 9% versus 2% in the ground-truth case, in both the oracle and calibrated
models using corrected contacts (Supplementary Table .

In order to demonstrate the practical utility of our proposed debiasing approach, as well as its effect
on EMOs, we applied it to an equivalent model using mobility data from commercial provider Cuebiq
(Supplementary Section . Due to the high sparsity in this dataset, a reliable ground-truth baseline of
nearly complete users was not available, preventing a full replication of our validation results. Nevertheless,
comparing debiased against biased outcomes, we find a notable reduction in uncertainty in the predictions
of the total number of infected (Fig. |4) when using contact rescaling. Furthermore, the inferred infection
rate B is orders of magnitude higher without debiasing the network. However, unlike with the DTU
mobility data and the synthetic epidemic, the best fitting models for each approach reach peak incidence
earlier than the observed COVID-19 caseload—possibly due to limitations in the time window and the
epidemic model itself.

We highlight two points from these results. First, contact rescaling via IPW can mitigate bias in EMOs
while requiring only hourly and trajectory-level completeness metrics. While more sophisticated methods
exist and richer auxiliary data could be used to inform the debiasing, our applications using DTU data and
sparse commercial mobility data from Cuebiq suggest that IPW can be a practical, effective correction to
the underlying epidemic networks provided granular data are available. Second, calibration of the epidemic
model’s parameters using the biased networks can also recover several EMOs, which is relevant for setups
in which the input epidemic networks are already aggregated. When combining contact correction and
calibration, however, caution is warranted because both the rescaling weights and the fitted parameters
are random variables estimated from the data. As such, errors can compound and increase the variance of
the estimated EMOs (Supplementary Table . Furthermore, calibrating on corrected versus uncorrected
contacts can lead to meaningfully different inferred epidemic parameters—a point we address next.

2.4 Model calibration on corrected contacts improves parameter specification

As we discussed earlier, biases from trajectory sparsity are often left unaddressed in epidemic modeling
practice, yet the question remains whether model calibration could sufficiently debias the relevant outcomes
on its own. While our results are partially consistent with this hypothesis for key outcomes tied to the
caseload curve, they also suggest that there is a critical benefit to correcting the trajectory sparsity in the
contact network first.
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Figure 4: Epidemic modeling using Cuebiq data. Contact rescaling reduces the uncertainty in total infected
predictions. (left) A reference of cumulative infected cases (blue curve) is compared to an ensemble of 100 SIR simulations
using parameters calibrated on biased contacts (purple curves, (8,7) = (0.704,0.09)) and on rescaled contacts (green curves,
(8,7) = (0.005,0.08)). Thin lines show the ensemble curves, the shaded region denotes the IQR and the thicker line represents
the median across the ensemble. (right) Total infected predictions from calibration on biased contacts (purple) and rescaled
contacts (green). Each boxplot summarizes the distribution of total infected across the ensemble: boxes denote the IQR,
whiskers indicate the 95% CI, black dashes mark the median, and black points denote the mean. The blue horizontal line
indicates the total infected for the reference curve.

Fig. [3k clearly shows how the estimation of epidemic parameters and associated average reproduction
number Ry computed from the ground-truth contacts (Ry formulation is introduced in Supplementary
Section are more robust to changes in sparsity level when using a corrected contact network. The
parameter misspecification of the model calibrated on sparse contacts increases with sparsity level, with
estimated values of 3 reaching values as high as 3.89 + 0.17 x1072, and Ry as high as 4.77 £+ 0.12 for
50-60% sparsity, relative to ground truth 8* = 0.84 x 1073 and ES = 1.92. However, when calibration
is applied after debiasing the network, the recovered values of 3 and Ry in the high sparsity regime are
S =1.00+0.06 x1072 and Ry = 2.11 + 0.07, respectively. Indeed, the bulk of the estimated parameters
result in an Ry between 1.5 and 3 across all sparsity ranges, while for uncorrected contacts, there are a
considerable number of simulations where the recovered parameters induce an Ry greater than 4.5 and
even 6 (Supplementary Tables [26[ and . Namely, the recovered epidemic parameters are closer to the
true parameters when using the corrected contacts, and consequently Ry is closer to the ground truth
(Supplementary Fig. |§|c and Supplementary Table .

The intuition behind this parameter misspecification is that, on average, epidemic incidence scales
with the product of 8 and the total volume of contacts. When contact intensity is underestimated, model
calibration compensates by increasing § while keeping the product high enough to support the observed
epidemic dynamics. In other words, to obtain the same number of infections when using a sparser network,
we must infer a more intense epidemic. The misspecification is less relevant when the focus is on the
predictions of models, but it is critical if the parameters are to be analyzed, compared with those in other
studies, or used in simulations with different sparsity patterns.

3 Discussion

Recent studies have raised concerns about biases in human mobility data that can compromise scientific
findings [8, 41, [79]. In epidemiological studies, mobility metrics constructed using different datasets
often show disagreements [79, 83, 84, (94} |95], even when they are expected to capture the same behavioral
trends during COVID-19 lockdowns and reopening. These differences could reflect demographic differences



in panel composition [33, 51, [53|, methodological choices in the construction of metrics [94], or other
unobserved biases. Our work contributes to the study of one such bias: sparsity in individual-level GPS
records used for mobility-informed epidemic modeling.

Our experiments show that long gaps in the collection of mobility traces, owing to opportunistic sam-
pling and technical limitations, introduce artificial sparsity in epidemic networks, leading to underestimates
of the intensity of epidemic spread. These effects from reduced network connectivity are consistent with
prior work—both theoretical |68, 96-98| and empirical |5, 78} (99} |100], but the trajectory sparsity itself
remains largely unaddressed. When epidemic models start with aggregated inputs, it is challenging to even
identify this missingness-induced sparsity as separate from the real sparsity of population-level contact
patterns [5, |11}, [75]. We have implemented a framework that can isolate this effect, quantify the resulting
bias rigorously, and evaluate the effectiveness of bias-mitigation strategies. Our synthetic missingness
assumes gaps are independent of visitation patterns—a simplification that enables a controlled counter-
factual, but could impact our results. However, using incomplete real data against external surveys risks
conflating sparsity bias with panel composition effects [41].

Addressing data-missingness bias is a pervasive challenge across disciplines where many possible solu-
tions have emerged |61} |63, 66, 101104]. In practice, measurements of bias and its correction are difficult
to validate without a counterfactual with complete data, knowledge of the true missingness process, rich
auxiliary datasets, or simplifying assumptions about the missingness patterns. We therefore extend an
analysis framework from survey nonresponse in which complete data are “amputated” according to a real-
istic missingness mechanism, so that distorted estimates can be compared against a ground-truth baseline
[64, 65]. Unlike prior analyses of mobility metrics where missingness has been added completely at ran-
dom |61}, 62|, we make the milder assumption that missingness patterns are independent of the individual.
This allows us to sample random sparsity patterns from an empirical distribution and construct an ex-
perimental setup in which trajectories with prescribed degrees of sparsity, between 10% and 60%, have a
fully observed counterfactual. By overlaying empirical gaps onto complete records, we preserve the real
temporal distribution of missing data—including heavy tails in gap durations, and correlations with time
(see Fig. fd). These features produce larger estimated biases than those obtained when gaps are merely
“shuffled randomly” (Fig. ) We note that experiments of this kind require complete mobility data, or at
least a highly complete sub-sample, as in the DTU campus data. This sets the DTU data apart from other
datasets where even the most complete users have considerable sparsity |45} 62, 105 [106]. Our equivalent
analysis using data from Cuebiq lacked a sufficiently complete baseline of trajectories to fully replicate
our findings (Supplementary Fig. [Th). Nevertheless, the Cuebiq dataset still successfully demonstrated
the practical utility of our proposed re-weighting and model calibration mechanisms.

At the core of our study is the finding that sparsity bias can be successfully mitigated through network
re-weighting or epidemic model calibration alone. While we illustrate with baseline approaches—IPW for
network weights and Bayesian kernel fitting in a parsimonious SIR model (comparable to [5, 57, 99])—
their success in recovering ground-truth epidemic outcomes is noteworthy. It demonstrates that even
straightforward, established debiasing methods are effective, increasing confidence that more sophisticated
imputation or weighting procedures |33, |41} 58| 63} 66, 107-109] could yield strong results, although such
evaluations are left for future work. Furthermore, our IPW implementation offers immediate practical
advantages: it requires no external auxiliary data, it directly models missingness as a function of time—
possibly aligning with predictable circadian rhythms, battery lifecycles, and app-usage habits—and it
avoids additional biases that could be introduced by methods joining Points-of-Interest (POI) data [41].

Two key limitations regarding model calibration warrant caution. First, limitations in available near-
complete data led to an in-sample evaluation, meaning the calibration scenarios require further out-of-
sample validation. Second, the finding that calibration alone can debias outcomes does not mean sparsity
has been addressed in models implementing it. Our results suggest models with downward-biased mo-
bility inputs would end up with misspecification in meaningful transmission parameters—‘absorbing” the
uncorrected reduction in network density during calibration (Fig. [Bp)—biasing downstream inferences and
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rendering alternative-scenario simulations less realistic. Consequently, existing epidemiological conclu-
sions drawn from uncorrected mobility inputs—for example, regarding reproduction numbers, infection
hotspots, undocumented cases, or increased infectivity over time [5, |13} [55, 57, |75, 78, |87, [91]—likely
reflect this underlying bias to some degree.

Network re-weighting can mitigate bias in epidemic dynamics, but it cannot recover edges erased
by sparsity, which become indistinguishable from truly absent contacts. Since seeded outbreaks require
sufficient transmission paths from the seeds to the rest of the nodes, the elimination of a majority of edges
between users (Supplementary Fig.[7)) likely explains why the probability poutbreax remains underestimated
after contact-network correction in the oracle model (bottom left panel of Fig. 3¢). Adding calibration
partly compensates such structural loss, at the cost of misspecified transmission parameters, bringing
Poutbreak closer to ground truth for sparsity ranges below 40% (Supplementary Table .

Beyond the debiasing procedures, our study is limited by how it constructs epidemic networks. GPS
data are ill-suited to approximate true co-location as well as other proximity sensors, like Bluetooth,
can [110-112], due to spatial inaccuracies, lack of altitude data, and the “urban canyon” effect |10, |113] [114].
Our proxy for co-location, based on geohash-8 tiles and hourly intervals, is therefore only an approximation
to true co-presence. However, the bias pathway we identify should carry over to other methodologies |5,
10, |57, 59|, as long as missing data can make transmission events shorter or missing. Our framework also
uses individual-level epidemic networks, whereas many epidemic models use aggregated POI-visitation
tables to then construct networks [5, 51, 56]. Extending weights-based debiasing to such aggregated
networks remains an important target for future work, especially because privacy-preserving safeguards
often prevent direct work with individual-level data [8].

The DTU-derived networks are also smaller and span a short period when compared with realistic
city-level epidemic dynamics. Our experiments use around 1,000 trajectories, only 363 of which form
the near-complete baseline, from a population of university students with demographics and behaviors
diverging from the city’s whole population. The search for a complete baseline also limited the simu-
lation window to 28 days, constraining the parameter regimes that could produce non-trivial dynamics
within the study period. Future work could use datasets with larger near-complete sub-samples, that are
more representative of city populations, where long-term epidemic dynamics and more complex network
structure could emerge |70, 115} 116].

We hope that the work in this paper draws attention to the critical need for addressing data-missingness
bias in applications that integrate sparse human mobility datasets, as well as further investigation into
the nature and causes of this sparsity. While our focus was co-location epidemiological networks, sparsity
bias can distort other mobility metrics such as radius of gyration, unique locations visited, time spent at
home, mobility entropy, among others, which underlie societally relevant findings in other sub-disciplines
of human mobility science where, equivalently, the treatment of data sparsity falls short. We hope the
guidance presented here supports the development of debiasing methods for these other metrics as well,
improving replicability and increasing confidence in findings derived from human mobility data.

4 Methods

DTU Campus data. We use a panel of GPS location data directly collected from 1,000 students at the
Technical University of Denmark between 2014 and 2015, who were given Android smartphone devices as
part of the Copenhagen Network Study [90]. This dataset has been employed in several studies including
the testing of stop detection algorithms [117, 118], digital proximity tracing [119], and human social
network modeling [120]. The dataset has a 1-second temporal resolution and 1-meter spatial resolution;
however, the sampling frequency is irregular and there can be gaps of several hours, and even days, in
individual signals (Fig. [Ik), while the location has a mean horizontal accuracy of 20m [90]. For our
experiments, we employ mobility data from a specific period spanning 28 days, from February 8, 2014 to



March 7, 2014—dubbed the study period—over which a maximal cohort of users exhibited less than 5%
of hours without data. However, the temporal sparsity patterns of all users in the sample were employed
to simulate sparsity in the complete data. The resulting sample consisted of 363 complete users. For
pre-processing the data, detecting stops and constructing contact networks, we first removed anomalous
pings if the speed computed from the previous ping is higher than a maximum of 100 km/h using the
scikit mobility library [121] and down-sampled the data to 1-minute resolution as it has little impact on
stop-detection and reduces the sample size (the methodology for stop detection and contact estimation
is detailed in Supplementary Sections and respectively). The choice of hourly bins for defining
completeness is ad hoc and a compromise between seeking the highest possible granularity for analysis of
contacts and visits, and getting a reasonable sample size of “complete” users—since completeness converges
to zero as the bin width is reduced [118].

Epidemic modeling.

The epidemic model used in our experiments is an individual-level stochastic Susceptible-Infected-
Removed (SIR) model [122]. Individuals in a population P move through each of three compartments:
Susceptible (S), their initial state indicating they can be infected by the disease; Infected (I), indicating they
have contracted the disease and can infect others; and Removed (R), which is the residual compartment
in which they can no longer contract or transmit the disease. We model transitions in a timescale of
days but the daily transition probability (S — I) is obtained by integrating minutes in contact against
a per-minute infection rate . The (I — R) transitions are parameterized by a daily recovery rate -.
Formally, if Cj;(t) is the edge weight of the contact network of day ¢ (minutes in contact), and X;(t) is an
indicator variable for whether individual 7 is in compartment X on day ¢, then individual-level transitions
are given by equations [I] and [2]

P(Li(t+1) | S:(t) =1-(1- ﬁ)zjeP Cij (0)15(¢) (1)
PRt +1) | L(0) = B

and the compartments are initialized by assigning ng random users to I, and the rest to S. Furthermore,
we compute a daily reproduction number Ry indicating the expected number of infected individuals after a
random individual was seeded as infected in an otherwise susceptible population on day ¢ |110] (derivation
is detailed in the Supplementary Section . Because this statistic indicates whether an epidemic on
static network C'(¢) will result in an outbreak (Ry > 1) or be extinguished (Ry < 1), we use the average
value of Ry over the study period, namely Ry, as an indicator of the severity of the epidemic which is
directly proportional to the contact volume.

The simulation parameters for the “ground-truth” epidemic, ©* = (8*,v*,ng), were chosen ad hoc
to produce an epidemic regime of moderate intensity—preventing immediate spread or extinction. They
result in a typical duration of the epidemic that aligns with the extent of the study period, and a value of
Ry = 1.92.

We note that the initial day of the study period (February 8) falls on a Saturday. Simulations seeded
on weekends often fail to generate outbreaks, leading to trivial epidemic dynamics, due to lower contact
frequencies relative to weekdays—an effect that is particularly pronounced in the student population cap-
tured by the DTU Campus data (see Supplementary Section . We therefore initialize the simulations
on Monday, February 10, yielding an epidemic time window of 26 days.

Experimental pipeline. Our simulations use the complete trajectories T as a baseline to estimate the
“eround truth” EMOs, while the sparsity patterns observed in the remaining incomplete trajectories are
used to generate biased versions of such baselines. Incomplete trajectories are grouped by their sparsity
range | (from 10-20% to 50-60% of missing hours), and each group is denoted T®. Complete trajectories
undergo stop-detection using the Lachesis algorithm [123] (see parameters in Supplementary Table .
Then stops are used to infer the total time individuals spend in close proximity, which is aggregated to
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daily individual contact networks {C")(#)}. We estimate the contacts between individuals through a grid-
based approach using the geohash spatial index. We choose the geohash-8 resolution (approximately 21m
x 19m at latitude 55.6761°N) which corresponds approximately to the area covered by a small building.
We define two individuals as in contact at minute ¢t when their stop locations fall in the same geohash-8
tile. To mitigate the boundary problem, we also consider them in contact when their stops fall in the same
tile after a small translation. We aggregate the contact network at a daily level in order to provide it as
an input to the epidemic SIR model.

For a given set of epidemic parameters ©, we simulate an ensemble of stochastic SIR epidemics on
these networks and summarize the resulting distributions of daily infections. Simulations using the true
parameters O and complete networks C*(t) serve as the ground-truth baseline. To quantify the bias
introduced by missing data, we repeat the same process after introducing temporal gaps sampled from
T® into T*, producing sparse contact networks C'(*) (t). Note that these networks are random because
the sparsification is stochastic. For each sparsity range (1), we generate 50 realizations of the missingness
pattern and, within each, run 100 epidemic simulations, yielding an ensemble of 5,000 epidemic curves per
configuration. The same number of simulations is run for the ground truth for comparability. We also
repeat this pipeline based on two forms of correction: (i) calibration of epidemic parameters, denoted @,
obtained by fitting model outputs to case data; and (ii) debiasing of sparse networks using weights, yielding
CA'(Z)(t). Our numerical results therefore compare five configurations summarized in Supplementary Table

5

Trajectory Sparsification The data-driven and the random-shuffling approaches sample the sparse
trajectories with replacement from 7). The data-driven procedure matches each complete trajectory to a
sparse one. As an example, once a complete trajectory 77 is matched to a sparse trajectory Ti(l), if Ti(l) has
a gap from 9 a.m. to 12 p.m. on 10 Feb. 2014, we remove records in the same interval for 7T; and repeat
this operation for all the gaps of Ti(l) obtaining the sparsified complete trajectory TZ-(*’Z)
Section details the procedure for selecting the trajectories for sparsification.

. Supplementary

The random-shuffling differs from the data-driven approach by the randomization of the starting time of
the gaps for each matched sparse trajectory. Specifically, the trajectory is viewed as an alternating sequence
of gaps and recorded intervals (inset of Fig. [2a top panel). All gap segments are randomly permuted among
themselves, and all record segments are permuted among themselves. The shuffled gaps and records are
then reassembled in alternating order (inset of Fig. [2h center panel). This procedure preserves the original
distribution of gap durations while randomizing their temporal placement. Instead, the random-uniform
approach consists of removing a set of hours uniformly at random from each complete trajectory such that
the number of removed hours is within the desired range [. Interestingly, these sparsification procedures
can result in increases in the duration of contacts (see Supplementary Fig. . While rare, this artifact can
occur due to errors in the stop-detection procedure we implemented, which can detect a stop by clustering
pings from different visits to the same location.

Contact correction with inverse probability weighting. We apply inverse probability weighting
(IPW) at the level of each contact in the co-location networks, rescaling each hourly contact duration by
the inverse of an estimated probability of being observed [63]. While similar weights have been proposed
in human mobility science [28| 41], this is, to the best of our knowledge, the first application in mobility-
informed epidemic modeling.

Formally, for user ¢« and hour h of day ¢, we estimate the probability that location records are present,
namely 13?, (where ﬁzh =1- p? is the complement of the sparsity probability pf) Assuming that the
data-missingness processes of different users are independent, the probability of observing a potential
contact between users ¢ and j during hour h is given by ﬁ?ﬁ?. The corrected daily contact duration is
then provided by equation [3]



1 1
1—p? 1—p§?

Cij(t) =D Cij(h) (3)
h

where Cj;(h) are the observed minutes in contact during hour i (Supplementary Section details the
methodology for contact rescaling). In our experiments, 15? is estimated via maximum likelihood, assuming
a constant hourly probability conditional on the hour of the day and a weekday/weekend indicator. The
daily contact @j(t) is then capped at 24 hours to avoid impossible durations.

Calibration of epidemic modeling parameters. In most modeling scenarios, either the network is not
available at a high level of detail (that is individual-level with weights of contact duration at the minute
resolution) and/or knowledge of the data quality of the trajectories from which the estimated network
is derived is absent. These conditions preclude applying the correction to the network. An alternative
common approach is calibration; that is, fitting the model to find the optimal parameters which, given the
network as input, best align with a ground-truth reference curve. We employ the median curve of infected
as a ground-truth reference for calibration and define as objective function the RMSE between the ground
truth and the biased daily median curves of infected. The optimal parameters 6= (B .7, Np) are obtained
through Bayesian kernel fitting using the Optuna optimization package [93| (Supplementary Section
details the methodology for calibration).

5 Code & Data Availability

The DTU data are not publicly available due to privacy considerations, including European Union regu-
lations and Danish Data Protection Agency rules. To protect the privacy of participants, data cannot be
shared freely, but are available to researchers who meet the criteria for access to confidential data, sign a
confidentiality agreement and agree to work under supervision in Copenhagen. Please direct your queries
to L.A. (lauale@dtu.dk). Data from Cuebiq are not publicly available due to privacy considerations,
but can be accessed through Cuebiq’s Social Impact program https://cuebiq.com/social-impact/
for academic purposes. Code for all our experiments and data to reproduce the figures is available at:
https://github.com/FedericoDelussu/Epidemic_modeling_on_sparse_GPS_trajectories.git.
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Supplementary Information

S.1 Experiments on a secondary dataset
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Supplementary Figure 1: Time series of trajectory completeness for Cuebiq data. Given a sample of anonymized
1,356 GPS trajectories, sparsity is quantified by a 30-day rolling window with a step of 1 day. The layered areas represent
the daily fraction of trajectories with sparsity ranges across 0—100% of missing hours over the 30-day period.

We validate the debiasing methods (Section on a large-scale commercial US location dataset made
available by Cuebiq, a leading location intelligence company that provides data to academic and hu-
manitarian initiatives through its Data for Good program. These data are collected through a CCPA-
and GDPR-compliant framework from users who have opted in to share location data. The data are
anonymized and privacy-enhanced by removing records associated with sensitive locations and by obfus-
cating the locations of users’ recurrently visited areas, such as homes and workplaces. The sampling frame
of this dataset is adult smartphone users in the United States, further filtered to devices active near the
Cornell University Campus in Ithaca, NY—a college town chosen to capture the mobility of university
students, similarly to the DTU dataset—ranging from September 1st, 2024 to November 30th, 2024. The
period was chosen to balance trajectory completeness—at least 10 days observed in the campus area—with
as large a number of devices as possible during 2024. This resulted in a final sample of 852 trajectories
for the experiments, which also include the pings outside the campus area.

Over this study period a very small fraction of trajectories had 0-10% sparsity (Supplementary Fig. ),
making the exact replication of our main findings infeasible. Instead, we use this widely-used commercial
dataset to demonstrate the practical applicability of our debiasing methods. Our experiments compare
EMOs on a co-location network constructed with the same processing pipeline, applying calibration on
these biased contacts as well as on the rescaled contacts using IPW.

For these experiments, we use real caseload data from the COVID-19 pandemic for Tompkins County
starting on 2020-09-10, obtained from the New York Times dataset H The curve is expressed as a
percentage, dividing by 30,000, approximately the population of the city of Ithaca, to match the scale
of simulated caseloads. In particular, using a seed of 10 infected individuals corresponds to 1.2% of our
sample, which matches the rescaled target curve.

! Available on https://raw.githubusercontent.com /nytimes/covid-19-data/refs/heads/master /us-counties-2020.csv

869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892


https://raw.githubusercontent.com/nytimes/covid-19-data/refs/heads/master/us-counties-2020.csv

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

: (i) a minimum stop duration

We note three differences in the experiment with respect to the DTU Campus data: (i) we calibrate
to the cumulative infected and not to the daily infected as the latter signal is noisy and subject to high
fluctuations; (ii) we use IPW rescaling coefficients computed from the overall trajectory sparsity without
bucketing by hourly coefficients during weekday and weekend periods; and (iii) in the absence of a baseline
to sparsify to different prescribed levels of sparsity, we consider only one set of calibrated parameters.

Consistent with our findings, calibration on corrected contacts reduces the variability in the prediction
of the total infected (Fig. [d). The 95% CI of the total infected narrows from (1.2, 11.3)% under sparse
contacts to (1.3, 8.7)% after contact correction while the IQR decreases from (4.4, 7.8)% to (4.3, 6.8)%.
Calibration on biased contacts leads to higher estimated infectivity, effectively absorbing the underesti-
mation of contacts, with 8 increasing from 0.005 when calibrating on corrected contacts to 0.70 when
calibrating on sparse contacts, while v remains comparable (0.09 versus 0.08).

Since we calibrate to a true caseload of COVID-19, for which the daily infected peaks at the end of the
selected time window, the biases on the dynamics, expressed by the predicted fpeax and Ipeax cannot be
easily quantified, yet the point estimates are fairly similar, with mean total infected (%) just below 6%.
However, likely due to sample size restrictions, simulated curves show convergence to that value early on
followed by an extinction of the epidemic, while the real dynamics show exponential growth that would
continue past the study period.

S.2 Stop detection

The procedure for contact estimation from the GPS trajectories involves the intermediate step of stop
detection. We use the sequential Lachesis stop detection algorithm [2] which iteratively classifies each
ping (lat, lon, t) as belonging to a stop or a trip. A stop is defined as a temporally ordered collection of
consecutive pings P,, which satisfies the conditions for stop assessment described in Supplementary Table
(525? ) of 10 minutes, comparable to the temporal frequency of the GPS
trajectories in the DTU Campus data (ii) a maximum temporal gap d,mq. of 6 hours between consecutive
pings, in order to classify sequences of pings with night-time gaps which are at most 6 hours long as stops,
and (iii) a maximum diameter D,,q, of 50 meters, comparable to the spatial extent of geohash-8 cells
used for contact estimation. The diameter is computed as the maximum Euclidean distance across all
pairwise distances between the pings in P,. Once the pings in P,, are classified as belonging to a stop,
each stop location sj,. is computed as the medoid of the sequence of pings. That is the ping with the
minimum average distance from the other pings in P,.

spatio-temporal location data description

(lat,lon) latitude and longitude coordinates

m time at minute resolution

p = (lat,lon,m) individual ping

Prn=Ap1, - 0n} temporally ordered sequence of n pings
parameter value condition formula

5%?5 10 minutes minimum stop duration My —my > 5§j§2p )
Diax 50 meters maximum roaming distance Diameter(P,,) < Dmax
Omaz 6 hours minimum temporal distance Mmir1 — My < Omaz

between consecutive pings

Supplementary Table 1: Lachesis algorithm for stop detection. (top) Individual trajectory data provided as input to
the Lachesis algorithm. (bottom) Parameters and conditions of stop assessment for a temporally ordered sequence of pings
Pn.



S.3 Contact estimation from stop locations

After stop detection, each trajectory 7T; is converted to a sequence of stops S; = {s;1, .., Sin} Where each
stop is expressed as s := (Sjoc, Sstarts Send) denoting the stop location sy, and the stop start time Sgqre
and stop end time S¢,q at the minute resolution. For each pair of individuals (i, j) we can estimate if they
have been in contact during minute m on geohash ¢ using:

cij(m, q) = 61 (m)8\*" P (m) Igh(s:(m)) = g I[gh(s;(m)) = g, (1)

where (5i(swp ) (m) is the indicator that ¢ is in a stop on minute m and s;(m) is the corresponding stop

location on minute m. The stop location is mapped using the geohash spatial index to a cell ¢ = gh(s) at
geohash-8 resolution (21 x 19 m). In order to account for spatial boundary effects we correct ¢;;(m, q) by
adding a boundary term:

0 if ¢j;(m,q) =1,
ma) =31 i Y 8P (m)sl P (m)I[gh(r(si(m))) = gh(r(s;(m)))] >0, ()

re{rt, "\, 7<}

boundary
Cij (

where 71 is a spatial translation operator which moves the stop location [ vertically upward by half of the
height of the geohash-8 cell (~ 10.5m), 7% is a spatial translation operator which moves the stop location
[ horizontally leftward by half of the width of the geohash-8 cell (~ 9.5m). 7" is the combination of 7"
and 7% and accounts for neighboring geohashes which have one border in common. The boundary term
mendary(m, q) is different from 0 if two stop locations are in neighboring geohashes.
Given the activity space @), defined as the set of geohashes where all individuals are located, we can
define the indicator of contact between users (i, j) on minute m as:

Cij(m) = cij(m,q) + it (m, q) (3)
q9€Q

We implement the Cjj(m) computation and remove double counting of boundary contacts. Thus
C;;(m) can take values 0 or 1. We then aggregate the estimated minute-level contacts at different tem-
poral resolutions. We use the hourly scale (Cy;(h) = >, o5 Cij(m)) to study intra-day temporal contact
patterns. We use the daily resolution (Cj;(t) = >, Cij(h)) for running the SIR simulation on contact
networks in which the edge weight represents the contact duration measured in minutes (Section .

S.4 Epidemic modeling

Supplementary Table [2] describes the epidemic modeling parameters and the input contacts of the indi-
vidual SIR compartmental model.

The model has parameters © = (3,7, n9) which govern the daily transitions over the different com-
partments, S — I and I — R, described in the Methods Section in the main manuscript.

The probability that a Susceptible becomes Infected P(S — I) is obtained by compounding S—the
probability of infection after a one-minute contact event with an infected—during day ¢t. The probability
that an Infected transitions into the Removed compartment is constant and equal to « (see equations
in the main manuscript).
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symbol ground truth name description

= (B,7,n0) ©* = (5*,7*,ny) SIR parameters described below

I3 f* = 0.84-1073 infection probability prob. of infection given 1 minute contact with
an infected.

0% ¥ =0.27 daily removal rate prob. of transitioning to the Removed compart-
ment over 1 day .

ng ny =3 seed size initial number of infected individuals

P |P| = 363 population individuals with complete trajectories

D |D| = 26 simulation days period of 26 days starting from 2014-02-10

Ci;(t) C(t) contact duration minutes in contact between ¢ and j on day ¢

C(t) C*(t) daily contact network C(t) = {C;;(t) ; 1i,j € P} for day ¢

C C* contacts sequence of daily contact matrices

Supplementary Table 2: Individual SIR compartmental model. Summary of notation.

Estimation of reproduction number R

Given the contacts C(t) on a given day ¢, we measure the severity of the epidemic spreading. We
introduce Ry as the expected number of infected individuals after a random individual was seeded as
infected in an otherwise susceptible population on day ¢ |3]. Given an infected individual ¢ in a population
P; we compute the expected number of infections n; generated by i:

ni(C(t), 8,7) = )+ - (1-p)0] (4)

JjEP

n; depends on the epidemiological parameters (3,7) and the daily contact data C(t) described in
Supplementary Table The formula is made up of two terms: (i) the probability that i does not
transition to the Removed compartment and (ii) the sum of the probabilities that ¢ infects its susceptible
neighbors.

We then compute Ry as the average of n; computed for each individual of the population P and obtain:

R(C(1).6.9) = 75 (Ol (5)

ieP

Finally, in order to have a global metric of epidemic intensity, we compute a temporal average of Ry
over the days D of the study period:

Ro(C, 8,7) ZRO ,Y) (6)

In our implementation for computing Ry and the average Ry we use equation without applying the
approximation.

S.5 Sparsification and selection of sparse trajectories

Sparsification

We pre-process the data by selecting only trajectories whose longest temporal gap is shorter than
one week, in order to focus on realistically sparse signals—characterized by gaps of the order of hours to



days—while excluding trajectories dominated by extended inactivity longer than one week, which do not
reflect the empirical missingness patterns of interest.

The procedure for the sparsification of the N complete trajectories (T sample) is described as follows:

(i) The sample T((]l\;) is collected from the set of sparse trajectories T() by sampling N times with replace-
O]

ment; (ii) Each complete trajectory T* is matched to a sparse trajectory Ti(l) in T(]l\,); (iii) The sequence
of temporal gaps of Ti(l) is applied to the complete trajectory 7;" by removing records with timestamps
in those temporal gaps at the hour resolution, obtaining the sparsified trajectory Ti(*’l). Supplementary
Fig. [2| displays an instance of sparsification for the range of 20-30% missing hours. Supplementary Table

[ displays a summary of the notation for the sample of GPS trajectories and the corresponding estimated
contacts.

Data-driven sparsification
Complete 0-5% Sparse 20-30%

Sparsified Complete 20-30%

300

200

100

200 400 200 400

200 400
time (hour) time (hour) time (hour)

Supplementary Figure 2: Instance of sparsification of the sample of complete trajectories for the 20-30% range
of missing hours. (left) Complete trajectories T, sample size is N = 363. (center) Sparse trajectories T((]l\;) sampled with

replacement from T for | = 20 — —30%. (right) Sparsified complete trajectories T,

GPS trajectory sample (N = 363) Estimated contacts

T* : Complete (0-5% missing hours) C* : ground truth

T((]l\)[) : Sparse within range [ none
T . Sparsified C® : biased contacts

Supplementary Table 3: Summary of notation for trajectory sparsification and estimated contacts.

Expansion of the sample of sparse trajectories

The set of complete trajectories (sparsity between 0% and 5%) during the study period (from 8 Feb
2014 to 7 March 2014) consists of 363 sequences. However, the number of devices in each sparsity range
for that specific study period is considerably lower (Supplementary Fig. , right panel), because this is a
highly complete dataset. This poses a problem when sampling with replacement, since it would result in
users with redundant (perfectly correlated) data missingness, which might bias the results. To overcome
this issue, we expand the pool of gap sequences to be sampled from in the following way: for each of the
non-complete users in the study period, we scan all the 28-day periods (aligned by day of the week) in
the time frame between Feb 2014 and Feb 2015 to obtain many more gap sequences with varying sparsity
levels. With this approach, the number of gap sequences to sample from reaches a greater size than
N = 363 (Supplementary Table |4] and Supplementary Fig. , right panel).
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Supplementary Figure 3: Selection of sparse trajectories for sparsification. (a) (left) Trajectory sparsity over the
study period of 28 days from 8 Feb to 7 Mar 2014. Rows indicate the users while columns indicate the time at the hour
resolution. Missing hours are shown in black and hours with data are shown in color. Complete trajectories with less than
5% of missing hours are marked in blue, while sparse trajectories are marked in purple. (center) Individual-level sparsity
quantified as the fraction of missing hours over the study period. User ordering is the same as in the left panel. (right)
Count of users in each sparsity bin. Sparse trajectories employed for sparsification are in ranges 10-20%, 20-30%, 30-40%,
40-50%, and 50-60% of missing hours. (b) Panels in row (a) are replicated for the sample of all sparse trajectories from Feb
2014 to Feb 2015 with the same duration as the study period and aligned by day of the week.

missing hours (%) 0-5 5-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 90-100

8 Feb 2014 - 7 Mar 2014 363 90 63 36 16 12 6 5 2 1 0
2 Feb 2014 - 2 Feb 2015 11327 3972 3482 1873 1159 568 326 242 169 82 37

Supplementary Table 4: Count of trajectories by sparsity level. Top row displays the count of individuals during the
study period from 8 Feb 2014 to 7 Mar 2014 for each sparsity range. The bottom row reports the counts of gap sequences
for each sparsity range. These counts reflect many gap sequences per user, corresponding to different 28-day sub-trajectories
between Feb 2014 and Feb 2015 of the incomplete users (aligned by day of the week).

S.6 Debiasing approaches

The different epidemic modeling approaches are described in Supplementary Table [5]

The ground-truth outcomes are obtained by simulating an SIR model on the ground-truth contact



network C* estimated from the sample of complete trajectories using ground-truth parameters ©* =
(B*,7*,n§) (Supplementary Table [2).

In the first set of experiments we use the Oracle modeling which assumes knowledge of ©* both when
simulating the epidemic on the sparse contacts C') and rescaled contacts C) for a given trajectory
sparsity level [ ranging from 10-20% to 50-60% of missing hours.

In the second set of experiments we use parameters © obtained from calibration on the sparse contacts
C® and rescaled contacts C1).

Epidemic modeling scenario Network Epidemic parameters
ground truth ground truth C* ©* (Table
oracle on sparse contacts sparse contacts C) o*

oracle on corrected contacts rescaled contacts C') o*
calibration on sparse contacts sparse contacts C) O calibrated
calibration on corrected contacts rescaled contacts C'() O calibrated

Supplementary Table 5: Epidemic modeling scenarios. Summary of notation.

Contact correction at hourly level with inverse probability weighting

Contact correction rescales the estimated contact duration by using inverse probability weighting
(IPW). As the contacts are estimated from the GPS trajectory data, we assume that the estimated dura-
tion is proportional to the level of completeness of such trajectories. We model the biased contact duratlon
Cw (h) as proportional to the ground-truth duration Cz] (h)—which is the target—and the probability p"
of observing a record during hour A for both user ¢ and j.

™

ij(h) = Cij(h) - p} -} (7)

By leveraging the heterogeneous temporal distribution of trajectory sparsity, we bucket each hour h
based on the hour of day (from 0 to 23) and the week period: weekday (from Monday to Friday) or
weekend (Saturday and Sunday). We thus compute 48 hourly bucket probabilities for each user. As an
example, for 5 pm on a Friday (weekday), we evaluate the probability as the occurrence of record presence
for the hours matching 5 pm on a Weekday over the study period. We express P as the complement of
the sparsity probability; p” = 1 — p and explicitly write the target C’Zj (h) as

~ 1 1
Cij(h) = Cuy(h) - 7= = ®
? J

Calibration of epidemic modeling parameters

The calibration parameters © are searched within the boundaries (8,7,np) of the parameter space
specified by Supplementary Table [6]

The algorithm for parameter search is Bayesian kernel fitting [4]. The algorithm starts from an initial
condition and performs 100 trials. The final parameter estimate corresponds to the minimum score. The
score computation is detailed in the Methods Section of the main article.

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027



1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

1045

1046

B Y ng

min 5-107° 0.117 1
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Supplementary Table 6: Boundaries for calibration parameter search.

S.7 Changes in sparsity descriptive statistics

We consider the empirical sample of sparse trajectories TW—employed for our proposed data-driven
sparsification described in the main article—and compute descriptive statistics of sparsity for each range
[ (from 10-20% to 50-60% missing hours over a period of 28 days). We compute the same statistics for
the random-uniform sample Tg()], having the same sample size of T() but differing by the randomization
of the gap sequences (Trajectory sparsification is described in the Methods Section @ in the main article).

We first compare the probability mass function of gap duration evaluated at the sample level:
_ #gaps of d hours in T'

pgop(diT) = TR L )

For example, we compute the probability of observing a gap of 2 hours as the occurrence of observations
of 2-hour gaps over all observed gaps in all of the trajectories of the sample T, From Supplementary
Fig. @ we observe that the data-driven probability has larger tails with respect to the random-uniform,
the latter tends to have gaps of shorter duration. Additionally, Supplementary Table [7] shows that the
average gap duration is less than 2 hours in the random-uniform case, consistently for all levels of sparsity.

We then compute the entropy of gap durations at the trajectory-level according to the Shannon formula
(H(X) = =221 pilogp;).

Hgap(ﬂ) = H(pgap(du—%)) (10)

We gather a sample of entropy estimates evaluated for each trajectory in 7™ and evaluate the density
of the entropy estimates using Gaussian kernel density estimation. We observe that the entropy estimates
increase with sparsity. Consistently for all sparsity levels, the data-driven distributions are shifted toward
larger entropy values and are more spread out than the random-uniform ones. This result indicates the
heterogeneity of gap duration patterns under empirical missingness (Supplementary Fig. )
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Supplementary Figure 4: Variation in gap statistics. Each panel title denotes the range of missing hours in the sample
of trajectories. (a) Probability distribution of gap duration given the sample of trajectories used for sparsification under the
data-driven and random-uniform approaches (described in Sectionin the main article). (b) Density of the trajectory-level
entropy of gap duration (computed according to equation from the samples described in (a).

missing hours (%) avg. gap duration (mean, mean std) quartiles 95% CI

outcome

Data-driven 10-20 3.67 £ 0.02 (1,2,4) (1,15)
Data-driven 20-30 6.21 £ 0.05 (1,3,7) (1,37
Data-driven 30-40 7.30 £ 0.08 (1,3,7) (1,51)
Data-driven 40-50 7.10 £ 0.08 (1, 3,8) (1,39
Data-driven 50-60 7.13 £ 0.10 (1,3,7) (1, 42)
Random uniform 10-20 1.0569 =+ 0.0004 (1,1,1) (1,2
Random uniform 20-30 1.1734 £ 0.0008 (1,1,1) (1,2
Random uniform 30-40 1.3277 + 0.0014 (1,1,1) (1,3
Random uniform 40-50 1.5275 + 0.0022 (1,1,2) (1,4
Random uniform 50-60 1.8017 + 0.0040 (1,1,2) (1,5)

Supplementary Table 7: Gap duration for the data-driven and random-uniform approaches.
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S.8 Changes in the contact patterns

We compute the number of detected contacts (Supplementary Tables E[) and the average duration of daily
contacts (Supplementary Table [10) over the study period. We also compute the average reproduction

number Ry (Supplementary Table |10 according to Supplementary equation

We compare the ground-truth contacts obtained from the complete trajectories to the sparse contacts
computed from the sparsified trajectories. Supplementary Fig. [7] shows that both the number of contacts
and the total contact time decrease steadily as sparsity increases. The random-uniform model exhibits a
weaker reduction as it is less affected by sparsity.

Given the detected daily contacts, we compare the estimated biased daily contact durations to the
ground-truth estimates. From Supplementary Fig. [Bp we observe that as sparsity increases there is an
increasing fraction of contacts that have a decrease in duration with respect to the ground truth; while
the fraction of contacts which are unchanged in duration shows an opposite trend.

Moreover, there is a small fraction of contacts (less than 10%) that have an increase in duration with
respect to the ground truth. To explain this phenomenon in more detail we compute the total stop time
for each individual over the study period. In Supplementary Fig. Bb, we compare the stop durations
(ground truth versus biased) and we observe that, as sparsity increases, the total time spent in stops tends
to decrease—except for 10-20% missing hours in the random-uniform case. In this latter case, biased
stop durations are greater than the ground truth. This is observed for a minor fraction of the individuals
also for the data-driven and random-shuffling approaches which have the same empirical gap duration
distribution.

This result suggests that the Lachesis stop detection algorithm is robust to short-duration gaps as
observed in the Random-uniform case; in contrast to the data-driven and random-shuffling cases for which
the average gap duration is larger (Supplementary Table E[) The robustness of stop detection can be
explained by the tolerance parameter of the intertemporal distance between consecutive pings within the
same stop; this is set to 6 hours in order to tolerate night-time gaps which occur with a larger frequency
(Supplementary Table. Therefore, adding gaps of short duration might result—in some cases—in longer
detected stops in the biased scenario.
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Supplementary Figure 5: Probability of missingness and contact. Each panel denotes the range of missing hours (from
10-20% to 50-60%) and compares the sparsification approaches: data-driven (purple), random-shuffling (red), and random-
uniform (gray). (a) Probability that an hour has missing records during the weekday and the weekend. (b) Probability that
a contact is observed on a given hour during the weekday and the weekend.
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Supplementary Figure 6: Correlation between missing users and detected contacts. Each row denotes the range of
missing hours while the columns denote the sparsification approach: data-driven vs. random-shuffling and random-uniform
baselines.

sparsity Data driven Random shuffling Random uniform

10-20 -0.34 -0.04 -0.02
20-30 -0.30 -0.06 -0.02
30-40 -0.47 -0.11 -0.05
40-50 -0.46 -0.04 -0.05
50-60 -0.36 -0.08 -0.08

Supplementary Table 8: Correlation between the detected contacts and the fraction of missing users. The
correlation is reported for each range of missing hours and sparsification approach.
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Supplementary Figure 7: Variation in contact metrics and Ry. Statistics derived from the contacts estimated over the
study period. Ground truth (blue) is compared to different sparsity scenarios, data-driven (purple) and random baselines (red
and gray). The bars represent the median value while the error bars denote the 95% CI (reported in Supplementary Tables
[l (left) Total number of detected daily contacts. (center) Average duration of the daily detected contacts. (right)
Average Ry estimates computed from the contacts and the ground-truth epidemic parameters (3, ) = (0.84 - 1073,0.27).
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Supplementary Figure 8: Variation of the estimated duration of detected contacts can be explained by the stop
detection outcomes. (a) Share of estimated daily contacts according to the variation of duration with respect to the
ground truth. Each panel corresponds to a sparsification approach. (b) Individual cumulative time spent in stops during
[10 Feb—8 Mar|. Color denotes the sparsity approach for sparsification. Each panel denotes the level of missing hours in the
GPS location trajectories from 10-20% to 50-60%. Each marker represents the individual cumulative time spent at stop
locations over the study period. This quantity is evaluated for the ground-truth scenario (x-coordinate) and for the sparse
scenario (y-coordinate). The line in each panel corresponds to the line y = x.



missing hours (%) detected contacts (mean, mean std) gt. rel. change (%) (mean, mean std) quartiles 95% CI

outcome

Data-driven 10-20 54729 £+ 59 -16.78 £ 0.09 (54481, 54710, 55015) (53875, 55597)
Data-driven 20-30 45107 £ 79 31.41 £ 0.12 (44745, 45164, 45474) (43865, 46096)
Data-driven 30-40 39861 + 104 -39.39 £ 0.16 (39392, 39910, 40351) (38417, 41009)
Data-driven 40-50 30886 + 76 -53.04 £ 0.12 (30499, 30933, 31220) (29914, 31895)
Data-driven 50-60 23309 =+ 90 64.56 + 0.14 (22820, 23233, 23784) (22213, 24648)
Random shuffling 10-20 53057 £ 61 -19.32 £ 0.09 (52771, 52960, 53417) (52343, 53808)
Random shuffling 20-30 43102 + 69 34.46 £ 0.11 (42806, 43112, 43455) (42056, 43986)
Random shuffling 30-40 35019 £ 92 -46.75 £ 0.14 (34620, 34923, 35480) (33833, 36211)
Random shuffling 40-50 27364 + 73 -58.39 £ 0.11 (27142, 27370, 27652) (26130, 28333)
Random shuffling 50-60 20904 + 65 -68.22 £ 0.10 (20606, 20857, 21236) (20210, 21791)
Random uniform 10-20 60035 + 28 -8.71 + 0.04 (59892, 60032, 60172) (59695, 60432)
Random uniform 20-30 54869 + 42 -16.57 £ 0.06 (54641, 54868, 55043) (54303, 55404)
Random uniform 30-40 48641 + 54 -26.04 £ 0.08 (48384, 48678, 48854) (47848, 49274)
Random uniform 40-50 41336 + 51 -37.15 £ 0.08 (41042, 41366, 41629) (40677, 41863)
Random uniform 50-60 32924 + 56 -49.94 £ 0.09 (32636, 32886, 33148) (32259, 33612)

Supplementary Table 9: Count of detected contacts. For each approach (data-driven, random-uniform, and random-shuffling) and range of missing hours, the point
estimates, IQR, and 95% CI are computed from 50 realizations of missingness. The relative change is computed with respect to the ground-truth number of detected

contacts, namely, N = 65, 766.

outcome

missing hours (%) avg. contact duration (mean, mean std) gt. rel. change (%) (mean, mean std) quartiles 95% CI

Data-driven

10-20

108.27 £ 0.06

-5.50 + 0.46

(108, 108, 109) (108, 109)

Data-driven 20-30 104.78 + 0.11 -8.55 + 0.45 (104, 105, 105) (103, 106)
Data-driven 30-40 97.55 £ 0.13 -14.86 £ 0.42 (97, 98, 98) (96, 99)
Data-driven 40-50 92.79 + 0.09 -19.02 + 0.40 (92,93,93) (91, 94)
Data-driven 50-60 87.71 £ 0.19 -23.45 £ 0.40 (87, 88, 89) (85, 90)
Random shuflling 10-20 108.96 £ 0.08 -4.90 + 0.46 (108, 109, 109) (108, 110)
Random shuffling 20-30 105.95 + 0.13 7.53 £ 0.46 (105, 106, 107) (104, 108)
Random shuflling 30-40 100.26 £ 0.13 -12.49 £ 0.44 (100, 100, 101) (98, 102)
Random shuffling 40-50 96.11 + 0.12 -16.12 £ 0.42 (95, 96, 97) (95, 98)
Random shuffling 50-60 91.33 + 0.17 -20.29 + 0.41 (91, 91, 92) (89, 94)
Random uniform 10-20 110.42 + 0.06 -3.63 + 0.47 (110, 110, 111) (110, 111)
Random uniform 20-30 107.79 £ 0.08 -5.93 £+ 0.46 (107, 108, 108) (107, 109)
Random uniform 30-40 104.98 £ 0.10 -8.37 £ 0.45 (105, 105, 106) (104, 106)
Random uniform 40-50 101.56 £+ 0.09 -11.36 £ 0.43 (101, 101, 102) (101, 103)
Random uniform 50-60 97.75 + 0.11 14.69 + 0.42 (97, 98, 98) (96, 99)

Supplementary Table 10: Average duration of daily detected contacts (minute). For each approach (data-driven, random-uniform, and random-shuffling) and
range of missing hours, the point estimates, IQR, and 95% CI are computed from 50 realizations of missingness. The relative change is computed with respect to the
ground-truth average duration, namely, 114 minutes.



missing hours (%) avg. contact duration (mean, mean std) gt. rel. change (%) (mean, mean std) quartiles 95% CI

outcome

Data-driven 10-20 1.676 + 0.001 -12.60 £ 0.05 (1.67, 1.67, 1.68) (1.66, 1.69)
Data-driven 20-30 1.487 4+ 0.001 -22.42 + 0.07 (1.48, 1.49, 1.49) (1.47, 1.50)
Data-driven 30-40 1.362 + 0.002 -28.97 £ 0.09 (1.35, 1.36, 1.37) (1.34, 1.38)
Data-driven 40-50 1.196 4+ 0.001 -37.61 £+ 0.06 (1.19, 1.20, 1.20) (1.18, 1.21)
Data-driven 50-60 1.064 + 0.001 -44.49 + 0.07 (1.06, 1.06, 1.07) (1.05, 1.08)
Random shuffling 10-20 1.651 4+ 0.001 -13.91 £ 0.06 (1.65, 1.65, 1.66) (1.64, 1.66)
Random shuffling 20-30 1.459 + 0.001 -23.91 £ 0.05 (1.45, 1.46, 1.46) (1.44, 1.47)
Random shuffling 30-40 1.295 4+ 0.001 -32.48 £+ 0.07 (1.29, 1.29, 1.30) (1.28, 1.31)
Random shuffling 40-50 1.154 4+ 0.001 -39.79 £ 0.06 (1.15, 1.15, 1.16) (1.14, 1.17)
Random shuffling 50-60 1.039 4+ 0.001 -45.81 £+ 0.05 (1.03, 1.04, 1.04) (1.03, 1.05)
Random uniform 10-20 1.781 4+ 0.001 -7.11 + 0.03 (1.78, 1.78, 1.78) (1.77, 1.79)
Random uniform 20-30 1.669 4+ 0.001 -12.92 £+ 0.04 (1.67, 1.67, 1.67) (1.66, 1.68)
Random uniform 30-40 1.541 + 0.001 -19.61 £ 0.05 (1.54, 1.54, 1.55) (1.53, 1.55)
Random uniform 40-50 1.397 4+ 0.001 -27.15 £ 0.04 (1.39, 1.40, 1.40) (1.38, 1.41)
Random uniform 50-60 1.242 4+ 0.001 -35.22 £ 0.05 (1.24, 1.24, 1.25) (1.23, 1.25)

Supplementary Table 11: Average Ry over the study period. For each approach (data-driven, random-uniform, and random-shuffling) and range of missing hours,
the point estimates, IQR, and 95% CI are computed from 50 realizations of missingness. The relative change is computed with respect to the ground-truth average Ry,
namely, 1.917.



S.9 Changes in size and dynamics of the epidemic

We compute the variation of epidemic descriptive statistics—described in Section of the main article—
for different sparsity ranges (from 10-20% to 50-60% of missing hours). For each sparsity range and
sparsity approach (data-driven and random baselines—described in Section in the main article) we
gather an ensemble of 5,000 epidemic curves consisting of 100 epidemic simulations for each of the 50
missingness realizations. We simulate an ensemble of 5,000 epidemic curves in the ground-truth scenario to
match the sample size and ensure comparability. We report the ground-truth value and the corresponding
relative change and absolute change with respect to the ground truth for each sparse biased scenario.

Realized outbreaks are defined as the epidemic curves in the ensemble which result in more than 5%
of total infected. The fraction of realized outbreaks poutpreax is computed for each missingness realization
and its statistics are reported in Supplementary Table

The statistics for the infected peak Ipeax (Supplementary Table and the total infected Iyt (Sup-
plementary Table are computed from the ensemble of realized outbreaks.

Given the realized outbreaks, we compute, for each day, the fraction of simulations in which the
epidemic reaches its peak on that day tpeax. This provides the distribution of peak-timing (Supplementary
Table . We then evaluate the occurrence of the day of last infection .t which corresponds to the day
in which the cumulative infected curve reaches a plateau (see bottom panel of Fig. |lg). This provides the
distribution of last infection timing (Supplementary Table .

outcome missing hours (%) count
ground truth 0-5 4916
Data driven 10-20 4832
Data driven 20-30 4637
Data driven 30-40 4507
Data driven 40-50 4066
Data driven 50-60 3253
Random shuffling 10-20 4803
Random shuffling 20-30 4597
Random shuffling 30-40 4319
Random shuffling 40-50 3682
Random shuffling 50-60 2672
Random uniform 10-20 4887
Random uniform 20-30 4862
Random uniform 30-40 4756
Random uniform 40-50 4546
Random uniform 50-60 4093

Supplementary Table 12: Realized outbreaks sample size. Number of realized outbreaks for each sparsity approach and
sparsity range. The initial size of the ensemble for each range is 5,000.
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missing hours (%)

Realized outbreaks frac. gt. abs. change
(mean, mean std) (mean, mean std)

(mean, mean std)

gt. rel. change

quartiles 95% CI

outcome

ground truth (gt.) 0-5 98.32 £ 0.15 - - (98.00, 98.00, 98.00) (98.00, 98.00)
Data-driven 10-20 96.64 + 0.24 -1.68 + 0.24 -1.71 £ 0.24  (95.00, 97.00, 98.00) (94.00, 100.00)
Data-driven 20-30 92.74 + 0.40 -5.58 4+ 0.40 -5.68 £ 0.41  (91.00, 93.00, 95.00) (87.00, 98.00)
Data-driven 30-40 90.14 + 0.39 -8.18 + 0.39 -8.32 £ 0.40 (89.00, 90.00, 92.00) (84.00, 94.00)
Data-driven 40-50 81.32 £+ 0.56 -17.00 £ 0.56 -17.29 £+ 0.57 (79.00, 82.00, 84.00) (72.00, 89.00)
Data-driven 50-60 65.06 £+ 0.77 -33.26 £ 0.77 -33.83 £ 0.79 (61.00, 65.00, 69.00) (55.00, 74.00)
Random shuffling 10-20 96.06 + 0.28 -2.26 £+ 0.28 -2.30 £ 0.29  (95.00, 96.00, 98.00) (93.00, 100.00)
Random shuffling 20-30 91.94 + 0.36 -6.38 4+ 0.36 -6.49 + 0.36  (90.00, 91.00, 94.00) (87.00, 96.00)
Random shuffling 30-40 86.38 £+ 0.40 -11.94 + 0.40 -12.14 £ 0.41 (84.00, 86.00, 89.00) (82.00, 92.00)
Random shuffling 40-50 73.64 + 0.74 -24.68 £ 0.74 -25.10 £ 0.75  (69.00, 74.00, 77.00) (64.00, 83.00)
Random shuffling 50-60 53.44 + 0.87 -44.88 + 0.87 -45.65 £+ 0.88 (50.00, 53.00, 57.00) (41.00, 65.00)
Random uniform 10-20 97.74 + 0.23 -0.58 £+ 0.23 -0.59 £ 0.23  (96.00, 98.00, 99.00) (95.00, 100.00)
Random uniform 20-30 97.24 + 0.27 -1.08 4+ 0.27 -1.10 £+ 0.28  (96.00, 97.00, 99.00) (93.00, 100.00)
Random uniform 30-40 95.12 £+ 0.30 -3.20 4+ 0.30 -3.25 £ 0.30  (94.00, 95.00, 97.00) (91.00, 99.00)
Random uniform 40-50 90.92 + 0.38 -7.40 £+ 0.38 -7.53 £ 0.38  (89.00, 91.00, 93.00) (86.00, 95.00)
Random uniform 50-60 81.86 + 0.57 -16.46 £ 0.57 -16.74 £ 0.58 (79.00, 81.00, 85.00) (76.00, 89.00)

Supplementary Table 13: Fraction of realized outbreaks poutbreax- For each approach (data-driven, random-uniform, and
random-shuffling) and range of missing hours, the point estimates, IQR, and 95% CI are computed from a sample of 50
measurements of Poutbreax. Each measurement is computed from the ensemble of 100 epidemic curves obtained for each of

the 50 missingness realizations.

I peak frac. gt. abs. change  gt. rel. change

missing hours (%) (mean, mean std) (mean, mean std) (mean, mean std) quartiles 95% CI

outcome

ground truth (gt.) 0-5 33.86 + 0.06 - - (31.00, 33.00, 37.00) (27.00, 42.00)
Data-driven 10-20 29.44 £ 0.05 -4.42 £+ 0.08 -13.05 £ 0.21  (27.00, 29.00, 32.00) (23.00, 36.00)
Data-driven 20-30 25.43 £ 0.05 -8.42 £+ 0.08 -24.88 £ 0.20  (23.00, 25.00, 28.00) (19.00, 32.00)
Data-driven 30-40 21.02 £ 0.05 -12.84 £ 0.08 -37.93 £ 0.19  (19.00, 21.00, 23.00) (14.00, 28.00)
Data-driven 40-50 14.01 £ 0.07 -19.84 £ 0.09 -58.61 + 0.21  (12.00, 14.00, 17.00) (4.00, 22.00)
Data-driven 50-60 6.87 + 0.05 -26.99 £ 0.08 -79.72 £ 0.16 (4.00, 7.00, 9.00) (2.00, 13.00)
Random shuflling 10-20 28.23 £ 0.05 -5.63 £+ 0.08 -16.62 £ 0.20  (26.00, 28.00, 31.00) (22.00, 35.00)
Random shuflling 20-30 23.31 £ 0.05 -10.55 £ 0.08 -31.15 £ 0.19  (21.00, 23.00, 25.00) (17.00, 30.00)
Random shuffling 30-40 17.35 + 0.06 -16.51 £ 0.08 -48.76 £ 0.19  (15.00, 17.00, 20.00) (9.00, 25.00)
Random shuflling 40-50 10.89 £ 0.07 -22.96 £ 0.09 -67.83 £ 0.21 (8.00, 11.00, 14.00) (2.00, 18.00)
Random shuffling 50-60 5.49 £+ 0.05 -28.37 £ 0.08 -83.80 £ 0.15 (3.00, 5.00, 7.00) (2.00, 11.00)
Random uniform 10-20 30.79 £ 0.05 -3.07 £ 0.08 -9.06 £ 0.21 (28.00, 31.00, 33.00) (24.00, 38.00)
Random uniform 20-30 28.10 £ 0.05 -5.75 £ 0.07 -17.00 £ 0.20  (26.00, 28.00, 30.00) (22.00, 35.00)
Random uniform 30-40 24.46 £ 0.05 -9.39 £+ 0.08 -27.74 £ 0.19  (22.00, 24.00, 27.00) (18.00, 31.00)
Random uniform 40-50 19.63 £ 0.05 -14.22 £ 0.08 -42.01 +£ 0.19  (17.00, 20.00, 22.00) (13.00, 27.00)
Random uniform 50-60 12.77 + 0.06 -21.08 £ 0.08 -62.27 £ 0.19  (10.00, 13.00, 15.00) (4.00, 20.00)

Supplementary Table 14: Variation of peak of infected I..x. For each approach (data-driven, random-uniform, and
random-shuffling) and range of missing hours, the point estimates, IQR, and 95% CI are computed from the sample of
realized outbreaks.



1 _tot frac.

gt. abs. change

gt. rel. change

missing hours (%) (mean, mean std) (mean, mean std) (mean, mean std) quartiles 95% CI

outcome

ground truth (gt.) 0-5 85.29 + 0.03 - - (84.00, 85.00, 87.00) (81.00, 89.00)
Data-driven 10-20 81.13 £ 0.04 -4.16 £ 0.05 -4.88 £ 0.05 (80.00, 81.00, 83.00) (76.00, 85.00)
Data-driven 20-30 75.68 £ 0.06 -9.61 £ 0.07 -11.27 £ 0.08  (74.00, 76.00, 78.00) (67.00, 82.00)
Data-driven 30-40 67.97 £ 0.11 -17.32 £ 0.11 -20.31 £ 0.13  (66.00, 69.00, 72.00) (50.00, 77.00)
Data-driven 40-50 48.16 £+ 0.20 -37.13 £ 0.20 -43.54 £ 0.23  (42.00, 51.00, 57.00) (13.00, 64.00)
Data-driven 50-60 24.92 £ 0.19 -60.37 £ 0.20 -70.78 +£ 0.23  (16.00, 25.00, 33.00) (6.00, 45.00)
Random shuffling 10-20 80.09 £ 0.04 -5.20 £ 0.05 -6.10 £+ 0.06 (79.00, 80.00, 82.00) (75.00, 85.00)
Random shuflling 20-30 73.13 £ 0.07 -12.16 £ 0.08 -14.26 £ 0.09  (71.00, 74.00, 76.00) (64.00, 79.00)
Random shuflling 30-40 59.56 £ 0.15 -25.73 £ 0.16 -30.17 £ 0.18  (56.00, 62.00, 66.00) (29.00, 71.00)
Random shuffling 40-50 39.14 + 0.22 4615 £ 022 -54.11 +£0.25  (32.00, 42.00, 49.00) (8.00, 58.00)
Random shuflling 50-60 19.56 + 0.18 -65.73 £ 0.19 -77.06 +£ 0.22  (11.00, 19.00, 27.00) (6.00, 39.00)
Random uniform 10-20 82.59 £ 0.03 -2.70 £ 0.04 -3.16 £ 0.05 (81.00, 83.00, 84.00) (78.00, 87.00)
Random uniform 20-30 79.66 £ 0.04 -5.63 £ 0.05 -6.61 £ 0.06 (78.00, 80.00, 82.00) (74.00, 84.00)
Random uniform 30-40 74.80 £ 0.06 -10.49 £ 0.07 -12.30 £ 0.08  (73.00, 75.00, 77.00) (67.00, 81.00)
Random uniform 40-50 65.47 £ 0.11 -19.82 £ 0.11 -23.23 £ 0.13  (63.00, 67.00, 70.00) (49.00, 74.00)
Random uniform 50-60 46.46 £ 0.19 -38.83 £ 0.19 -45.53 + 0.22  (42.00, 49.00, 55.00) (13.00, 62.00)

Supplementary Table 15: Variation of total of infected I:.:. For each approach (data-driven, random-uniform, and
random-shuffling) and range of missing hours, the point estimates, IQR, and 95% CI are computed from the sample of
realized outbreaks.



missing hours (%) 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

outcome

ground truth (gt.) 0-5 44.5 0.1 5.3 6.9 24.5 16.2 1.9 0.2 0.2 0.2

Data-driven 10-20 18.1 0.1 1.6 3.7 22.7 43.3 6.3 0.2 0.5 1.3 2.1

Data-driven 20-30 5.6 0.7 1.3 10.3 53.2 14.0 0.2 0.6 3.1 104 0.2 0.3
Data-driven 30-40 3.5 0.2 0.6 3.8 43.9 13.9 0.1 0.3 0.3 4.8 27.1 0.1 0.2 04 0.8
Data-driven 40-50 0.1 0.2 3.1 04 0.3 0.5 2.7 22.1 6.7 0.2 0.2 1.9 53.4 0.2 0.1 0.7 1.1 2.8 3.0
Data-driven 50-60 031025118 18011619 46 16.7 82 0.3 0.1 0.3 0.3 0.5 2.8 30.5 0.7 0.1 0.5 0.9 1.9 4.5 6.1
Random shuffling 10-20 14.6 0.1 2.3 3.2 20.0 45.2 8.5 0.3 0421 34

Random shuffling 20-30 4.7 0.1 1.2 1.5 9.7 48.9 13.3 0.2 0.5 3.3 15.6 0.2 0.2 0.5
Random shuffling 30-40 0.1 2.2 0.2 04 3.3 29.2 11.8 0.1 0.1 0.3 0.3 4.5 41.1 0.1 0.3 0.6 2.3 3.0
Random shuffling 40-50 0.1 0.5 0.7 3.3 0.8 0.6 0.6 2.7 15.1 7.1 0.1 0.1 0.4 3.1 50.4 0.5 0.3 1.0 1.5 4.3 6.7
Random shuffling 50-60 0.3 1.0 2.6 3.3 11.5 2.2 04 2.4 2.5 4.5 11.7 6.1 0.4 0.1 0.6 0.9 0.9 4.0 28.6 0.6 0.1 0.9 1.9 2.1 4.6 5.9
Random uniform 10-20 27.2 0.1 3.7 5.6 26.3 30.9 3.9 0.1 0.3 0.8 0.9 0.1
Random uniform 20-30 14.5 0.2 3.0 4.2 23.8 43.8 5.7 020414 26 0.1
Random uniform 30-40 5.9 0.1 1.3 2.5 14.9 51.6 10.2 0.1 0.3 04 2.8 9.1 0.1 0.1 0.3 0.3
Random uniform 40-50 1.8 0.2 0.6 1.1 7.3 40.9 10.2 0.1 0.3 0.6 4.4 29.3 0.3 0.5 1.0 1.2
Random uniform 50-60 0.1 0.2 03 22 04 1.0 0.9 3.8 19.6 5.8 0.1 0.1 0.3 0.5 5.0 47.1 0.4 0.3 1219 42 44

Supplementary Table 16: Peak timing. Occurrence of the peak day over the ensemble of realized outbreaks and over all 50 missingness realizations. Columns refer to
the day of the simulation. Reported values are rounded to one decimal place.

missing hours (%) 123456 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

outcome

ground truth (gt.) 0-5 0.2 0.6 2.2 13.7 3.2 1.8 10.8 15.7 15.8 18.5 17.5
Data-driven 10-20 0.1 04 54 1.7 0.9 6.2 12.1 16.1 24.1 32.9
Data-driven 20-30 1.9 0.6 0.2 2.9 6.5 11.6 26.0 50.2
Data-driven 30-40 0.1 0.1 0.1 1.0 26 56 17.8 72.6
Data-driven 40-50 0.1 0.1 0.3 0.1 0.1 0.2 0.2 0.1 0.4 0.7 1.8 9.3 86.4
Data-driven 50-60 0.1 0.1 0.3 03031015030308080710 29 0603 14 1.8 2.6 10.5 72.3
Random shuffling 10-20 0.1 0.3 3.1 1.4 0.5 4.7 10.3 14.2 25.9 39.6
Random shuffling 20-30 04 0302 1.5 33 7.6 21.565.2
Random shuffling 30-40 0.1 02 07 24 89 874
Random shuffling 40-50 0.1 0.1 0.1 0.2 0.3 0.5 0.1 0.1 0.3 0.2 0.1 0.2 0.6 0.2 0.1 0.2 0.6 1.0 54 89.6
Random shuffling 50-60 0.1 0.1 0.1 0302081524090410120917 33 1.1 0.7 1.8 2.2 3.8 10.0 65.3
Random uniform 10-20 0.1 0.1 0.7 7.7 2.1 1.2 8.2 13.5 16.4 22.4 27.6
Random uniform 20-30 0.1 0.2 3.7 1.6 0.6 5.2 10.2 14.7 25.0 38.8
Random uniform 30-40 1.0 0.5 0.2 24 5.8 10.1 24.4 55.6
Random uniform 40-50 0.2 0.1 0.1 0.7 1.5 3.6 15.1 78.7
Random uniform 50-60 0.1 0.2 0.3 0.1 0.1 0.1 0.2 0.2 0.1 0.1 05 1.7 6.6 894

Supplementary Table 17: Last infection timing. Occurrence of the last infection day over the ensemble of realized outbreaks for all 50 missingness realizations.
Columns refer to the day of the simulation. Reported values are rounded to one decimal place.



S.10 Debiasing impact on epidemic predictions and parameter estimation

We compare the ground-truth contacts to the sparse and rescaled contacts. We compute the contact
metrics and the average reproduction number Ry as in Supplementary Section

Supplementary Fig. [Op shows that, by design, contact rescaling preserves the number of biased detected
contacts, while Supplementary Fig. [Ob shows that it increases the average contact duration, reaching up
to three times the ground-truth value for 50-60% of missing hours. Supplementary Fig. [Of shows that the
estimated average reproduction number Ry recovers values close to the ground truth.
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Supplementary Figure 9: Variation in contact metrics and Ry. Statistics derived from the contacts estimated over the
study period. Ground truth (blue) is compared to biased (purple) and rescaled contacts (green) under the data-driven sparsity
scenario. The bars represent the median value while the error bars denote the 95% CI (reported in Supplementary Tables
and . (left) The total number of detected daily contacts remains the same for both the biased and rescaled contacts
as the rescaling changes only the duration of the detected contacts. (center) Average duration of the daily detected contacts.
(right) Average Ro estimates from the contacts and the ground-truth epidemic parameters (8*,v*) = (0.84 - 107%,0.27).

We compute the variation of epidemic descriptive statistics under the debiasing approaches (detailed in
Supplementary Table [5)) following the same procedure reported in Supplementary Section We report
the biased and ground-truth values for the fraction of realized outbreaks, poutbreax (Supplementary Table
, peak of infected individuals, Ipeax (Supplementary Table [22), total of infected, Itor (Supplementary
Table , timing of the peak, tpeax (Supplementary Table nd last case tyor (Supplementary Table
25)). These results show how calibration, contact rescaling and the combination of the two mitigate bias
in the predictions of the epidemic size and dynamics.

Finally, for both sparse and rescaled contacts, we report the statistics for the calibrated parameters g

and v, in Supplementary Tables [26] and [27] respectively. We provide the associated average reproduction
number Ry (Supplementary Table ) and the scores of the calibration parameter search (Supplementary

Table .
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1o Changes in contact metrics and average Ry

missing hours (%) avg. contact duration (mean, mean std) gt. rel. change (%) (mean, mean std)  quartiles 95% CI
outcome
biased 10-20 108.27 £+ 0.06 -5.50 £ 0.46 (108, 108, 109) (108, 109)
biased 20-30 104.78 £ 0.11 -8.55 £ 0.45 (104, 105, 105) (103, 106)
biased 30-40 97.55 + 0.13 -14.86 + 0.42 (97,98, 98) (96, 99)
biased 40-50 92.79 £ 0.09 -19.02 + 0.40 (92, 93,93) (91, 94)
biased 50-60 87.71 £ 0.19 -23.45 £+ 0.40 (87, 88, 89) (85, 90)
rescaled 10-20 146.84 £+ 0.15 28.16 £+ 0.63 (146, 147, 147) (145, 149)
rescaled 20-30 179.77 £ 0.25 56.90 £ 0.78 (179, 180, 181) (176, 183)
rescaled 30-40 199.79 + 0.48 74.37 + 0.93 (198, 200, 202) (194, 206)
rescaled 40-50 264.76 + 0.57 131.08 £ 1.21 (263, 265, 267) (257, 273)
rescaled 50-60 354.05 £ 0.94 209.01 £ 1.69 (349, 353, 358) (345, 367)

Supplementary Table 18: Average duration of daily detected contacts (minute). The point estimates, IQR, and 95% CI are computed from 50 realizations of
missingness. The relative change is computed with respect to the ground-truth average duration, namely, 114 minutes.

missing hours (%) avg. RO (mean, mean std) gt. rel. change (%) (mean, mean std) quartiles 95% CI

outcome

biased 10-20 1.676 + 0.001 ~12.60 + 0.05 (1.67, 1.67, 1.68) (1.66, 1.69)
biased 20-30 1.487 £+ 0.001 -22.42 + 0.07 (1.48, 1.49, 1.49) (1.47, 1.50)
biased 30-40 1.362 £ 0.002 -28.97 + 0.09 (1.35, 1.36, 1.37) (1.34, 1.38)
biased 40-50 1.196 + 0.001 -37.61 + 0.06 (1.19, 1.20, 1.20) (1.18, 1.21)
biased 50-60 1.064 =+ 0.001 -44.49 + 0.07 (1.06, 1.06, 1.07) (1.05, 1.08)
rescaled 10-20 1.967 £ 0.001 2.57 + 0.06 (1.96, 1.97, 1.97) (1.95, 1.98)
rescaled 20-30 1.947 £+ 0.002 1.57 £ 0.09 (1.94, 1.95, 1.96) (1.92, 1.97)
rescaled 30-40 1.912 £ 0.002 -0.28 £ 0.12 (1.90, 1.91, 1.92) (1.88, 1.94)
rescaled 40-50 1.897 £ 0.002 -1.03 £ 0.12 (1.88,1.90, 1.91) (1.87,1.93)
rescaled 50-60 1.853 £+ 0.004 -3.35 £ 0.20 (1.84, 1.85, 1.87) (1.81, 1.91)

Supplementary Table 19: Average Ry over the study period. The point estimates, IQR, and 95% CI are computed from 50 realizations of missingness. The relative
change is computed with respect to the ground-truth average Ry, namely, 1.917.



Changes in size and dynamics of the epidemic

missing hours (%) count
0-5 ground truth 4916
10-20 Oracle on biased contacts 4832
20-30 Oracle on biased contacts 4637
30-40 Oracle on biased contacts 4507
40-50 Oracle on biased contacts 4066
50-60 Oracle on biased contacts 3253
missing hours (%) Debiasing approach count
10-20 Oracle on rescaled contacts 4889
20-30 Oracle on rescaled contacts 4840
30-40 Oracle on rescaled contacts 4842
40-50 Oracle on rescaled contacts 4800
50-60 Oracle on rescaled contacts 4718
10-20 Calib. on biased contacts 4775
20-30 Calib. on biased contacts 4838
30-40 Calib. on biased contacts 4832
40-50 Calib. on biased contacts 4604
50-60 Calib. on biased contacts 4660
10-20 Calib. on rescaled contacts 4819
20-30 Calib. on rescaled contacts 4766
30-40 Calib. on rescaled contacts 4683
40-50 Calib. on rescaled contacts 4594
50-60 Calib. on rescaled contacts 4550

Supplementary Table 20: Realized outbreaks sample size for each debiasing approach. Number of realized outbreaks

for each debiasing approach and sparsity range.
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missing hours (%)

Realized outbreaks frac.
(mean, mean std)

gt. abs. change
(mean, mean std) (mean, mean std)

gt. rel. change

quartiles

95% CI

outcome

ground truth (gt.) 0-5 98.32 £ 0.00 - - (98.00, 98.00, 98.00) (98.00, 98.00)
Oracle on sparse contacts 10-20 96.64 £+ 0.24 -1.68 + 0.24 -1.71 £ 0.24 (95.00, 97.00, 98.00) (94.00, 100.00)
Oracle on sparse contacts 20-30 92.74 £ 0.40 -5.58 + 0.40 -5.68 + 0.41 (91.00, 93.00, 95.00) (87.00, 98.00)
Oracle on sparse contacts 30-40 90.14 £+ 0.39 -8.18 + 0.39 -8.32 £ 0.40 (89.00, 90.00, 92.00) (84.00, 94.00)
Oracle on sparse contacts 40-50 81.32 £ 0.56 -17.00 £ 0.56 -17.29 + 0.57  (79.00, 82.00, 84.00) (72.00, 89.00)
Oracle on sparse contacts 50-60 65.06 £ 0.77 -33.26 £ 0.77 -33.83 £ 0.79  (61.00, 65.00, 69.00) (55.00, 74.00)
Oracle on rescaled contacts 10-20 97.78 £ 0.22 -0.54 + 0.22 -0.55 + 0.23 (97.00, 98.00, 99.00) (94.00, 100.00)
Oracle on rescaled contacts 20-30 96.80 £ 0.29 -1.52 + 0.29 -1.55 £+ 0.29 (96.00, 97.00, 98.00) (92.00, 100.00)
Oracle on rescaled contacts 30-40 96.84 £+ 0.23 -1.48 + 0.23 -1.51 £ 0.23 (96.00, 97.00, 98.00) (94.00, 100.00)
Oracle on rescaled contacts 40-50 96.00 £ 0.29 -2.32 + 0.29 -2.36 + 0.30 (95.00, 96.00, 98.00) (91.00, 99.00)
Oracle on rescaled contacts 50-60 94.36 £ 0.34 -3.96 + 0.34 -4.03 £ 0.35 (93.00, 94.00, 96.00) (90.00, 99.00)
Calib. on sparse contacts 10-20 95.50 £ 1.02 -2.82 + 1.02 -2.87 £ 1.04 (94.00, 99.00, 100.00) (76.00, 100.00)
Calib. on sparse contacts 20-30 96.76 £+ 0.61 -1.56 + 0.61 -1.59 + 0.62  (95.00, 99.00, 100.00) (88.00, 100.00)
Calib. on sparse contacts 30-40 96.64 £+ 0.53 -1.68 + 0.53 -1.71 £ 0.54 (94.00, 98.00, 100.00) (89.00, 100.00)
Calib. on sparse contacts 40-50 92.08 £ 1.25 -6.24 + 1.25 -6.35 £ 1.27 (89.00, 96.00, 98.00) (69.00, 100.00)
Calib. on sparse contacts 50-60 93.20 £ 1.08 -5.12 + 1.08 -5.21 £+ 1.10 (90.00, 96.00, 98.00) (72.00, 100.00)
Calib. on rescaled contacts 10-20 96.38 £+ 0.89 -1.94 + 0.89 -1.97 £ 0.91 (95.00, 99.00, 100.00) (77.00, 100.00)
Calib. on rescaled contacts 20-30 95.32 £+ 1.04 -3.00 + 1.04 -3.05 + 1.06  (95.00, 98.00, 100.00) (73.00, 100.00)
Calib. on rescaled contacts 30-40 93.66 £+ 1.09 -4.66 = 1.09 -4.74 £ 1.11 (91.00, 96.00, 99.00) (75.00, 100.00)
Calib. on rescaled contacts 40-50 91.88 £ 1.35 -6.44 + 1.35 -6.55 + 1.37  (90.00, 94.00, 100.00) (68.00, 100.00)
Calib. on rescaled contacts 50-60 91.00 £ 1.36 -7.32 + 1.36 -7.45 + 1.38 (86.00, 94.00, 99.00) (70.00, 100.00)

Supplementary Table 21: Fraction of realized outbreaks pousbreax- For each debiasing approach and range of missing hours, the point estimates, IQR, and 95% CI
are computed from a sample of 50 measurements of poutbreax- Each measurement is computed from the ensemble of 100 epidemic curves obtained for each of the 50
missingness realizations.



missing hours (%) (

I max frac.

mean, mean std) (mean, mean std) (mean, mean std)

gt. abs. change

gt. rel. change

quartiles 95% CI

outcome

ground truth (gt.) 0-5 33.86 £ 0.06 - - (31.00, 33.00, 37.00) (27.00, 42.00)
Oracle on sparse contacts 10-20 29.44 4+ 0.05 -4.42 £+ 0.08 -13.05 +£ 0.21  (27.00, 29.00, 32.00) (23.00, 36.00)
Oracle on sparse contacts 20-30 25.43 £+ 0.05 -8.42 £ 0.08 -24.88 + 0.20  (23.00, 25.00, 28.00) (19.00, 32.00)
Oracle on sparse contacts 30-40 21.02 £ 0.05 -12.84 £ 0.08 -37.93 £ 0.19 (19.00, 21.00, 23.00) (14.00, 28.00)
Oracle on sparse contacts 40-50 14.01 + 0.07 -19.84 + 0.09 -58.61 £+ 0.21 (12.00, 14.00, 17.00) (4.00, 22.00)
Oracle on sparse contacts 50-60 6.87 + 0.05 -26.99 + 0.08 -79.72 £ 0.16 (4.00, 7.00, 9.00) (2.00, 13.00)
Oracle on rescaled contacts 10-20 34.89 £+ 0.06 1.04 + 0.08 3.07 £ 0.24  (32.00, 35.00, 38.00) (28.00, 43.00)
Oracle on rescaled contacts 20-30 34.71 £+ 0.06 0.85 4 0.08 2.52 + 0.24  (32.00, 34.00, 37.00) (28.00, 43.00)
Oracle on rescaled contacts 30-40 33.42 £ 0.05 -0.44 + 0.08 -1.29 £ 0.23  (31.00, 33.00, 36.00) (27.00, 41.00)
Oracle on rescaled contacts 40-50 32.77 4+ 0.06 -1.08 £ 0.08 -3.19 £ 0.23  (30.00, 33.00, 36.00) (26.00, 41.00)
Oracle on rescaled contacts 50-60 32.15 £ 0.06 -1.70 + 0.08 -5.03 £ 0.24  (29.00, 32.00, 35.00) (25.00, 41.00)
Calib. on sparse contacts 10-20 34.18 £+ 0.08 0.33 £+ 0.10 0.97 +£ 0.29  (30.00, 34.00, 38.00) (25.00, 47.00)
Calib. on sparse contacts 20-30 34.24 £+ 0.07 0.39 £+ 0.09 1.14 + 0.27  (31.00, 34.00, 37.00) (26.00, 45.00)
Calib. on sparse contacts 30-40 34.04 £+ 0.07 0.18 £+ 0.09 0.54 +£ 0.26  (31.00, 34.00, 37.00) (26.00, 44.00)
Calib. on sparse contacts 40-50 34.66 £+ 0.07 0.81 4 0.09 2.39 + 0.28  (31.00, 34.00, 38.00) (26.00, 46.00)
Calib. on sparse contacts 50-60 33.87 £ 0.07 0.02 + 0.09 0.06 + 0.27  (30.00, 33.00, 37.00) (25.00, 45.00)
Calib. on rescaled contacts 10-20 33.65 + 0.07 -0.20 + 0.09 -0.60 £ 0.28  (30.00, 33.00, 37.00) (25.00, 45.00)
Calib. on rescaled contacts 20-30 34.50 £ 0.08 0.65 £+ 0.10 1.91 + 0.30  (31.00, 34.00, 37.00) (26.00, 49.00)
Calib. on rescaled contacts 30-40 34.34 £+ 0.07 0.49 £+ 0.09 1.44 + 0.27  (31.00, 34.00, 37.00) (26.00, 45.00)
Calib. on rescaled contacts 40-50 34.55 4+ 0.08 0.69 4+ 0.10 2.04 + 0.29  (31.00, 34.00, 38.00) (26.00, 47.00)
Calib. on rescaled contacts 50-60 34.28 £ 0.08 0.42 + 0.10 1.25 £ 0.30  (30.00, 34.00, 37.00) (25.00, 47.00)

Supplementary Table 22: Variation of peak of infected I,..x. For each debiasing approach and range of missing hours,

the point estimates, IQR, and 95% CI are computed from the sample of realized outbreaks.

. I tot frac. t. abs. change t. rel. change .
missing hours (%) (mean, mean std) (I%leam7 mean s%d) (Iiean, mean std) quartiles 95% CI

outcome

ground truth (gt.) 0-5 85.29 + 0.03 - - (84.00, 85.00, 87.00) (81.00, 89.00)
Oracle on sparse contacts 10-20 81.13 £+ 0.04 -4.16 £ 0.05 -4.88 + 0.05 (80.00, 81.00, 83.00) (76.00, 85.00)
Oracle on sparse contacts 20-30 75.68 £ 0.06 -9.61 + 0.07 -11.27 £ 0.08 (74.00, 76.00, 78.00) (67.00, 82.00)
Oracle on sparse contacts 30-40 67.97 + 0.11 -17.32 £ 0.11 -20.31 £ 0.13  (66.00, 69.00, 72.00) (50.00, 77.00)
Oracle on sparse contacts 40-50 48.16 £+ 0.20 -37.13 £ 0.20 -43.54 + 0.23  (42.00, 51.00, 57.00) (13.00, 64.00)
Oracle on sparse contacts 50-60 24.92 4+ 0.19 -60.37 £+ 0.20 -70.78 +£ 0.23  (16.00, 25.00, 33.00) (6.00, 45.00)
Oracle on rescaled contacts 10-20 86.17 £ 0.03 0.88 £+ 0.04 1.03 + 0.05  (85.00, 86.00, 87.00) (82.00, 89.00)
Oracle on rescaled contacts 20-30 86.37 £ 0.03 1.08 £+ 0.04 1.27 + 0.04  (85.00, 87.00, 88.00) (83.00, 90.00)
Oracle on rescaled contacts 30-40 85.67 £ 0.03 0.38 4+ 0.04 0.44 + 0.05  (85.00, 86.00, 87.00) (82.00, 89.00)
Oracle on rescaled contacts 40-50 85.07 £ 0.03 -0.22 £ 0.04 -0.26 + 0.05 (84.00, 85.00, 87.00) (81.00, 89.00)
Oracle on rescaled contacts 50-60 83.64 4+ 0.03 -1.65 £ 0.04 -1.94 £ 0.05 (82.00, 84.00, 85.00) (79.00, 88.00)
Calib. on sparse contacts 10-20 85.00 £ 0.05 -0.29 + 0.06 -0.34 £ 0.07  (83.00, 85.00, 88.00) (77.00, 91.00)
Calib. on sparse contacts 20-30 85.54 + 0.04 0.25 4+ 0.05 0.29 + 0.06  (83.00, 86.00, 88.00) (79.00, 91.00)
Calib. on sparse contacts 30-40 85.53 £ 0.04 0.24 £+ 0.05 0.28 4+ 0.06  (84.00, 86.00, 88.00) (79.00, 90.00)
Calib. on sparse contacts 40-50 86.11 £ 0.05 0.82 £+ 0.06 0.97 + 0.06  (84.00, 86.00, 88.00) (80.00, 92.00)
Calib. on sparse contacts 50-60 84.57 4+ 0.05 -0.72 £ 0.06 -0.84 £ 0.07  (83.00, 85.00, 87.00) (77.00, 91.00)
Calib. on rescaled contacts 10-20 84.69 + 0.05 -0.60 = 0.06 -0.70 £ 0.07  (82.00, 85.00, 87.00) (77.00, 91.00)
Calib. on rescaled contacts 20-30 85.69 £+ 0.05 0.40 £+ 0.06 0.47 £ 0.06  (84.00, 86.00, 88.00) (79.00, 93.00)
Calib. on rescaled contacts 30-40 86.04 £+ 0.04 0.75 + 0.05 0.88 &+ 0.06  (84.00, 86.00, 88.00) (80.00, 91.00)
Calib. on rescaled contacts 40-50 86.00 £ 0.05 0.71 £+ 0.06 0.84 + 0.07  (83.00, 86.00, 89.00) (79.00, 92.00)
Calib. on rescaled contacts 50-60 85.13 4 0.06 -0.16 £ 0.06 -0.19 £ 0.07  (83.00, 85.00, 88.00) (77.00, 92.00)

Supplementary Table 23: Variation of total of infected I.... For each debiasing approach and range of missing hours,

the point estimates, IQR, and 95% CI are computed from the sample of realized outbreaks.



missing hours (%) 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

outcome

ground truth (gt.) 0-5 44.5 0.1 5.3 6.9 245 16.2 1.9 0.2 0.2 0.2

Calib. on sparse contacts 10-20 52.1 0.1 3.6 5.7 21.9 149 0.9 0.1 0.2 0.3 0.1

Calib. on sparse contacts 20-30 48.9 3.5 7.4 225 153 1.5 0.1 0.2 0.4 0.1

Calib. on sparse contacts 30-40 0.1 51.7 3.3 6.6 209 144 1.6 0.2 0.3 0.3 0.3

Calib. on sparse contacts 40-50 0.2 52.0 4.5 6.2 21.5 12.5 1.7 0.1 0.2 0.3 0.5 0.3

Calib. on sparse contacts 50-60 0.1 55.9 0.1 3.0 7.1 16.6 12.9 2.2 0.2 0.4 09 0.5

Calib. on rescaled contacts 10-20 49.0 0.1 3.8 6.3 22.2 16.0 1.6 0.2 0.2 04 0.2

Calib. on rescaled contacts 20-30 49.7 0.1 3.9 7.521.9 146 1.6 0.1 0.1 0.3 0.2

Calib. on rescaled contacts 30-40 0.2 52.4 0.1 3.4 73 21.1 129 1.6 0.2 04 0.3 0.3

Calib. on rescaled contacts 40-50 0.4 54.8 3.7 5.8 19.7 13.2 1.4 0.1 0.2 0.3 04

Calib. on rescaled contacts 50-60 55.6 0.1 2.8 7.0 16.9 134 2.4 0.1 0.4 0.7 0.7

Oracle on sparse contacts 10-20 18.1 0.1 1.6 3.7 22.7 43.3 6.3 0.2 0.5 1.3 21

Oracle on sparse contacts 20-30 5.6 0.7 1.3 10.3 53.2 14.0 0.2 0.6 3.1 104 0.2 0.3
Oracle on sparse contacts 30-40 3.5 0.2 0.6 3.8 43.9 13.9 0.1 0.3 0.3 4.8 27.1 0.1 0.2 04 0.8
Oracle on sparse contacts 40-50 0.1 0.2 3.1 04 0.3 0.5 2.7 22.1 6.7 0.2 0.2 1.9 534 0.2 0.1 0.7 1.1 2.8 3.0
Oracle on sparse contacts 50-60 031025118 18011619 46 16.7 82 0.3 0.1 0.3 0.3 0.5 2.8 30.5 0.7 0.1 0.5 0.9 1.9 4.5 6.1
Oracle on rescaled contacts 10-20 48.4 0.1 4.0 6.7 256.3 134 1.3 0.1 0.2 0.3 0.1

Oracle on rescaled contacts 20-30 45.6 0.1 4.6 7.1 25.5 14.1 1.9 0.2 0.2 0.5 0.2

Oracle on rescaled contacts 30-40 0.1 45.7 3.3 7.0 23.8 16.7 2.1 0.2 0204 04

Oracle on rescaled contacts 40-50 0.1 48.6 3.0 4.8 22.2 18.0 1.7 0.4 0.7 0.5

Oracle on rescaled contacts 50-60 52.8 0.1 24 6.4 18.1 154 2.5 0.1 0.3 0.8 1.0

Supplementary Table 24: Peak timing. Occurrence of the peak day over the ensemble of realized outbreaks and over all 50 missingness realizations. Columns refer to
the day of the simulation. Reported values are rounded to one decimal place.



missing hours (%) 123456 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

outcome

ground truth (gt.) 0-5 0.2 0.6 2.2 13.7 3.2 1.8 10.8 15.7 15.8 18.5 17.5
Calib. on sparse contacts 10-20 06 0.9 3.0 144 3.4 1.5 11.1 15.2 144 17.1 18.3
Calib. on sparse contacts 20-30 0.1 0.2 0.7 3.0 16.4 3.7 1.7 9.9 14.7 15.1 18.2 16.5
Calib. on sparse contacts 30-40 0.2 0.6 1.7 13.6 3.0 1.4 9.7 15.3 15.6 18.7 20.1
Calib. on sparse contacts 40-50 0.2 0.3 1.6 11.7 2.9 1.3 9.3 14.0 154 20.8 224
Calib. on sparse contacts 50-60 0.1 0.1 0.5 6.5 1.7 0.5 6.4 11.1 15.5 24.2 33.4
Calib. on rescaled contacts 10-20 0.1 0.4 0.7 2.7 14.2 3.1 1.6 10.5 15.4 15.0 18.2 18.1
Calib. on rescaled contacts 20-30 0.2 0.4 1.1 3.3 17.1 3.9 1.8 11.0 14.7 14.2 17.3 15.0
Calib. on rescaled contacts 30-40 0.1 0.3 0.8 2.1 15.7 3.4 1.3 10.0 14.8 15.0 18.5 17.9
Calib. on rescaled contacts 40-50 0.2 0.3 1.7 12.1 3.6 1.2 8.3 13.5 15.4 20.0 23.8
Calib. on rescaled contacts 50-60 0.1 0.7 6.3 1.8 0.6 5.7 9.9 15.7 24.5 34,5
Oracle on sparse contacts 10-20 0104 54 1.7 0.9 6.2 12.1 16.1 24.1 32.9
Oracle on sparse contacts 20-30 1.9 0.6 0.2 2.9 6.5 11.6 26.0 50.2
Oracle on sparse contacts 30-40 0.1 0.1 0.1 1.0 26 5.6 17.8 72.6
Oracle on sparse contacts 40-50 0.1 0.1 0.3 0.1 0.1 0.2 0.2 0.1 04 0.7 1.8 9.3 864
Oracle on sparse contacts 50-60 0101 0303031015030.308080710 29 0603 14 1.8 2.6 10.5 72.3
Oracle on rescaled contacts 10-20 0.1 0.2 0.7 3.2 16.9 3.4 2.0 12.4 16.1 14.1 16.3 14.5
Oracle on rescaled contacts 20-30 0.1 0.2 0.8 2.7 18.1 4.0 1.9 11.1 14.7 15.0 15.7 15.6
Oracle on rescaled contacts 30-40 0.3 1.7 12.4 3.3 1.4 10.6 15.2 15.9 19.9 19.2
Oracle on rescaled contacts 40-50 0.1 0.3 0.8 9.6 3.2 1.1 82 13.7 16.9 19.9 26.2
Oracle on rescaled contacts 50-60 0.1 0208 71 1508 56 104 15.5 23.3 349

Supplementary Table 25: Last infection timing. Occurrence of the last infection day over the ensemble of realized outbreaks and over all 50 missingness realizations.
Columns refer to the day of the simulation. Reported values are rounded to one decimal place.



2 Changes in parameter estimation

sparse contacts

(mean, mean std) quartiles 95% CI

missing hours (%)

10-20 (1.115 £ 0.043)  [0.924, 1.029, 1.296] [0.702, 1.782]
20-30 (1.387 £ 0.043)  [1.159, 1.404, 1.560] [0.917, 2.032
30-40 (1.770 £ 0.058)  [1.421, 1.729, 2.134] [1.168, 2.601]
40-50 (2.839 + 0.123)  [2.284, 2.626, 3.265] [1.586, 5.043]
50-60 (3.898 4+ 0.175)  [3.102, 3.688, 4.422] [2.240, 6.834]
rescaled contacts
(mean, mean std) quartiles 95% CI

missing hours (%)

10-20 (0.789 £+ 0.028) [0.632, 0.791, 0.934] [0.530, 1.207]
20-30 (0.870 £+ 0.041) [0.715, 0.769, 0.959] [0.547, 1.764]
30-40 (0.931 £ 0.031) [0.771, 0.907, 1.024] [0.626, 1.432]
40-50 (1.017 £ 0.055)  [0.699, 0.949, 1.235] [0.544, 1.849)
50-60 (1.000 £+ 0.060) [0.756, 0.903, 1.192] [0.562, 1.634]

Supplementary Table 26: [ infection probability at minute resolution. Parameter estimation from calibration on
sparse and corrected contacts. Values are reported in units of x1072. The ground-truth value is 0.84 x 1073,

sparse contacts

(mean, mean std) quartiles 95% CI
missing hours (%)
10-20 (0.264 £+ 0.002) [0.254, 0.264, 0.274] [0.233, 0.292]
20-30 (0.262 + 0.002)  [0.254, 0.262, 0.270] [0.235, 0.288]
30-40 (0.262 + 0.002) [0.252, 0.261, 0.271] [0.238, 0.290]
40-50 (0.258 £+ 0.002)  [0.250, 0.258, 0.268] [0.230, 0.284]
50-60 (0.251 £+ 0.002) [0.242, 0.251, 0.259] [0.232, 0.268]

rescaled contacts

(mean, mean std) quartiles 95% CI
missing hours (%)
10-20 (0.263 £+ 0.003)  [0.248, 0.259, 0.279] [0.223, 0.306]
20-30 (0.266 £+ 0.003) [0.255, 0.265, 0.276] [0.239, 0.310]
30-40 (0.268 + 0.002) [0.257, 0.267, 0.276] [0.234, 0.294]
40-50 (0.259 £+ 0.002) [0.247, 0.262, 0.269] [0.230, 0.290]
50-60 (0.250 £+ 0.003)  [0.235, 0.246, 0.264] [0.225, 0.283]

Supplementary Table 27: « recovery probability at daily resolution. Parameter estimation from calibration on sparse
and corrected contacts. The ground-truth value is 0.27.



sparse contacts

(mean, mean std) quartiles 95% CI
missing hours (%)
10-20 5.69 £+ 0.30 [4.02, 5.51, 6.98] [2.60, 8.82]

( )
20-30 (5.05 + 0.30)  [3.38, 4.43, 6.40] [2.39, 8.73]
30-40 (5.03 £0.27)  [3.62, 5.00, 6.39] [2.06, 8.62|
( )
( )

40-50 502 +0.27)  [3.54, 4.68, 6.59] [2.31, 8.92]
50-60 537+ 0.25)  [3.97,4.89, 6.61] [3.25, 8.90]

rescaled contacts

(mean, mean std) quartiles 95% CI
missing hours (%)

10-20 (6.09 + 0.38)  [3.97, 6.06, 7.30] [2.05, 12.15]
20-30 (5.84 + 0.38)  [3.85, 5.36, 7.31] [2.49, 11.90]
30-40 (5.47 £ 0.32)  [3.75, 5.29, 6.70] [2.25, 10.47]
40-50 (6.24 +0.34)  [4.27, 5.94, 7.92] [2.83, 10.84]
50-60 (7.15 + 0.32)  [5.42, 7.06, 8.43] [4.27, 10.92]

Supplementary Table 28: Score of parameter estimation. Score is computed as the RMSE of the median of the ensemble
of daily infected. The RMSE is evaluated between the ground truth and the sparse scenario (using either sparse or rescaled
contacts for calibration).

sparse contacts

(mean, mean std) quartiles 95% CI
missing hours (%)
10-20 2.24 £ 0.05)  [2.02, 2.15, 2.46] [1.76, 2.99]

( )
20-30 (256 + 0.05)  [2.33, 2.58, 2.76] [2.01, 3.24]
30-40 (2.96 + 0.06)  [2.62, 2.95, 3.33] [2.32, 3.76]
( )
( )

40-50 3.94 £ 0.10)  [3.51, 3.80, 4.34] [2.82, 5.60]
50-60 477 +£0.12)  [4.23,4.68, 5.20] [3.47, 6.61]

rescaled contacts

(mean, mean std) quartiles 95% CI
missing hours (%)
10-20 1.84 + 0.03 [1.64, 1.83, 2.04] [1.53, 2.34]

( )
20-30 (1.94 + 0.05)  [1.75, 1.82, 2.04] [1.54, 3.02]
30-40 (2.02 +0.04)  [1.82, 1.98, 2.14] [1.64, 2.61]
( )
(

40-50 2.12 £ 0.06)  [1.75, 2.05, 2.38] [1.56, 3.08|
50-60 211 4+ 0.07)  [1.83, 2.01, 2.36] [1.58, 2.86]

Supplementary Table 29: Ry computed from estimated parameters and ground-truth contacts. Ry is computed
from the ground-truth contacts and the parameters calibrated on the biased or rescaled contacts. Ground-truth simulation
parameters provide an estimate of Ry = 1.92.
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