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Abstract
Cells function through dynamic interactions between macromolecules.
Detailed characterization of the dynamics of large biomolecular systems is
often not feasible by individual biophysical methods. In such cases, it may
be possible to compute useful models by integrating multiple sources of
information. We have previously developed an integrative method to model
dynamic processes by computing biomolecular heterogeneity at fixed time
points, then generating static integrative structural modes for each of these
heterogeneity models, and finally connecting these static models to produce
a scored trajectory model that depicts the process. Here, we demonstrate
how to compute, score, and assess these integrative spatiotemporal models
using our open-source Integrative Modeling Platform (IMP) program (https://
integrativemodeling.org/).

KEYWORDS
biomolecular processes, integrative structure modeling, molecular dynamics, structural biology

1 | INTRODUCTION

Structural models of biomolecules have provided
tremendous insight into cellular function. However,
static structures alone cannot capture the full com-
plexity of biology, as biomolecules are constantly in
motion. Techniques such as Förster resonance
energy transfer (FRET) spectroscopy and micros-
copy (Lerner et al., 2021), Nuclear magnetic reso-
nance (NMR) spectroscopy (Alderson & Kay, 2021),
small-angle X-ray scattering (SAXS) (Schneidman-
Duhovny & Hammel, 2018), atomic force micros-
copy (AFM) (Heath & Scheuring, 2018), and
physics-based molecular dynamics simulations
(Hollingsworth & Dror, 2018; Karplus & McCammon,
2002; Pak & Voth, 2018), allow us to characterize
the dynamics of biomolecules. Yet, many biological

processes involve large-scale rearrangements of
multi-component systems on long time scales,
which cannot be described comprehensively by any
of these individual approaches.

For static structures, integrative modeling has proven
to be a powerful approach to model systems recalcitrant
to individual techniques (Alber, Dokudovskaya, Veenh-
off, Zhang, Kipper, Devos, Suprapto, Karni-Schmidt, Wil-
liams, Chait, Rout, & Sali, 2007a; Braitbard et al., 2019;
Hummer & Köfinger, 2015; Koukos & Bonvin, 2020;
Latham & Zhang, 2019; Rantos et al., 2022; Rout &
Sali, 2019; Sali, 2021). Integrative modeling combines
information from multiple methods, including various
types of experimental data, statistical preferences, physi-
cal theories, and other prior models. Integrative model-
ing aims to maximize the accuracy, precision, and
completeness of the output model by maximizing the
amount of input information and by optimally converting
this information into the output model. Many structuralAndrew P. Latham and Miha Rožič contributed equally.
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models have been computed with an integrative
approach, including those of the nuclear pore complex
(NPC) (Alber, Dokudovskaya, Veenhoff, Zhang, Kipper,
Devos, Suprapto, Karni-Schmidt, Williams, Chait, Sali, &
Rout, 2007b; Kim et al., 2018; Singh et al., 2024), the
structural maintenance of chromosomes 5/6 complex
(Yu et al., 2021), and open reading frame 2 protein
(Baldwin et al., 2024).

Recently, we have developed an integrative spa-
tiotemporal method to generalize integrative modeling
of static structures to modeling biomolecular dynam-
ics (Latham et al., 2025; Otsuka et al., 2023). We
illustrated the method by computing a model of the
assembly pathway of the human NPC in the context
of the reforming nuclear envelope during mitotic cell
division, based on live-cell correlated electron tomog-
raphy, bulk fluorescence correlation spectroscopy-
calibrated quantitative live imaging, and a structural
model of the fully assembled NPC (Latham
et al., 2025). The method begins by generating a set
of “heterogeneity models” at each time point. Each
heterogeneity model describes a likely biomolecular
composition, with each component assigned to a
specific coarse location in the final state, such as the
fully assembled complex when modeling the assem-
bly process. For each heterogeneity model in the set,
a “snapshot model” is computed. A snapshot model
contains a set of alternative standard static integra-
tive structure models based on the composition spec-
ified by the corresponding heterogeneity model and
other information available for the corresponding time
point. Next, trajectories are enumerated by connect-
ing alternative snapshot models at adjacent time
points, followed by scoring each trajectory based
on its fit to the input information, including both
snapshot model and transition scores. This modeling
process results in a set of trajectories ranked by their
agreement with input information (i.e., the “trajectory
model”). The method is applicable to cases
where data is available at discrete time points
throughout a biological process, as is the case for
the NPC assembly process (Latham et al., 2025;
Otsuka et al., 2016; Otsuka et al., 2018; Otsuka
et al., 2023).

To ease the barrier for computing integrative
models, we have developed the open-source integra-
tive modeling platform (IMP) program, freely available
at https://integrativemodeling.org/ (Russel et al., 2012;
Yang et al., 2012). IMP is a modular and flexible pro-
gram that allows us to mix model representations, scor-
ing terms based on varied types of input information,
and model sampling algorithms. Multiple tutorials for
computing static integrative structure models are
already available (Saltzberg et al., 2019; Saltzberg
et al., 2021; Webb et al., 2011; Webb et al., 2018).
Here, we describe how to use IMP for integrative spa-
tiotemporal modeling.

2 | INTEGRATIVE SPATIOTEMPORAL
MODELING WORKFLOW

In general, integrative modeling consists of three steps
(Alber, Dokudovskaya, Veenhoff, Zhang, Kipper,
Devos, Suprapto, Karni-Schmidt, Williams, Chait,
Rout, & Sali, 2007a; Rout & Sali, 2019; Sali, 2021). In
the first step, information about the system of interest is
gathered. In the second step, this input information
is converted into an output model, using a statistical
modeling approach (Gelman et al., 1995;
McElreath, 2018). This approach requires specifying a
model representation, a scoring function, and a search
scheme as follows. A model representation contains
variables whose values are computed by modeling. A
scoring function quantifies a match between a model
and input information. Finally, a search scheme finds
good-scoring models. In the third step, the model is
assessed. This three-step process can be optionally
iterated until assessment indicates the model is suit-
able for addressing biological questions of interest.

While the workflow above is in principle able to
accommodate producing any type of a model based on
any input information, the search space may be too large
for sufficiently efficient computation. The efficiency of
searching can be improved by using a composite work-
flow, in which multiple instances of statistical modeling
are performed such that solutions of simpler modeling
problems provide prior models for solving more complex
modeling problems. For example, structural models of
subunits in a complex can be computed first before they
are assembled into a structural model of the complex, as
was done for the static NPC model (Alber, Dokudovs-
kaya, Veenhoff, Zhang, Kipper, Devos, Suprapto, Karni-
Schmidt, Williams, Chait, Sali, & Rout, 2007b; Kim
et al., 2018; Singh et al., 2024).

Here, we represent a biomolecular process as a tra-
jectory through a series of snapshot models (Figure 1).
To model a process represented this way, we apply a
composite workflow consisting of separate integrative
modeling workflows to compute (i) heterogeneity
models, (ii) snapshot models, and (iii) the trajectory
model. For example, modeling the NPC assembly pro-
cess included three independent instances of integra-
tive modeling: (i) computing heterogeneity models at
each time point, (ii) computing a snapshot model for
each heterogeneity model, and (iii) computing a trajec-
tory model by connecting snapshot models.

In this tutorial, we walk through all of the steps for inte-
grative spatiotemporal modeling and demonstrate how to
perform them in IMP. For illustration purposes, we rely on
a hypothetical assembly mechanism of the Bmi1/Ring1b-
UbcH5c complex (Bentley et al., 2011). The dynamic
information used in this study is purely synthetic; thus, the
model is not meant to depict the actual assembly mecha-
nism of the complex. This tutorial case was selected to
provide a known benchmark for evaluating model
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accuracy and to be computationally simple. The tutorial
can also be followed online at https://integrativemodeling.
org/tutorials/spatiotemporal/, and also includes a Google
Colab notebook with many of the key steps. The

complete code is available at https://github.com/salilab/
imp_spatiotemporal_tutorial, which includes both a com-
plete, worked example of the tutorial in the modeling
folder and the necessary code and input information with-
out the resulting model in the modeling_empty folder.

2.1 | Modeling of heterogeneity

The first modeling workflow produces heterogeneity
models (Figure 1). For the Bmi1/Ring1b-UbcH5c com-
plex used in this tutorial, heterogeneity modeling only
includes protein copy number. In general, other infor-
mation, such as the coarse location in the final state,
could also be modeled in a similar manner, as was
done for the NPC assembly process (Latham
et al., 2025).

2.1.1 | Heterogeneity modeling step 1:
gathering of information

In the first step of heterogeneity modeling,
information about the process of interest is gathered.
To model the heterogeneity of the system, we utilize
the X-ray crystal structure of the complete Bmi1/
Ring1b-UbcH5c complex from the Protein Data Bank
(PDB) (Bentley et al., 2011; Burley et al., 2023)
(Figure 2a) and synthetically generated protein copy
numbers during the assembly process (Figure 2c). The
PDB structure of the complex informs the final hetero-
geneity model and constrains the maximum copy num-
ber for each protein, while the protein copy number
data informs the stoichiometry of the complex during
assembly.

2.1.2 | Heterogeneity modeling step 2:
representation, scoring function, and search
process

In the second step of heterogeneity modeling, we rep-
resent, score, and search for heterogeneity models.
These operations are implemented by the heteroge-
neity_modeling.py script in the Heterogeneity/
Heterogeneity_Modeling folder of the tutorial. The
script represents each heterogeneity model as a series
of copy numbers for each protein, scores those copy
numbers based on their fit to synthetically generated
protein copy number data, and searches for models
through enumeration.

Specifically, these steps are performed by the pre-
pare_protein_library function, which enumerates
all protein copy numbers between a single protein and
the fully assembled state, ranks the most likely of these
protein copy numbers at each time point based on the
experimental copy number data, and selects a user-

F I GURE 1 Overview of integrative spatiotemporal modeling.
Spatiotemporal modeling consists of a composite modeling protocol
consisting of three steps: modeling of copy numbers, modeling of
snapshots, and modeling of a trajectory. Each modeling workflow is
an individual integrative modeling problem, which proceeds through
three steps: (i) gathering information, (ii) representing, scoring, and
searching for models, and (iii) assessing alternative models. In the
case of complex assembly, the final time point (T) is assumed to be
the fully assembled structure, and thus only has one heterogeneity
model. The output of modeling is a set of weighted trajectories
describing the biological process.

LATHAM ET AL. 3 of 13
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specified number of these models at each time point. In
this tutorial, we chose to select the three most likely
protein combinations at each time point, except for the
final time point, which we restricted to having the same
protein copy number as the PDB structure. The pre-
pare_protein_library function then writes
IMP topology files to prepare each heterogeneity model
for snapshot modeling, based on the topology file of the
full complex, spatiotemporal_topology.txt. We
will discuss this topology file in more detail in
Section 2.2.2.

2.1.3 | Heterogeneity modeling step 3:
assessment

In the third step of heterogeneity modeling, we assess
the heterogeneity models. Assessment of a model
should include calculating the sampling precision of the
model (Viswanath et al., 2017), comparing the model to
data used to construct it, validating the model against
data not used to construct it, and quantifying the preci-
sion of the model (Sali, 2021). For now, we focus on
comparing the model to experimental data, as other
assessments will be performed later, when the trajec-
tory model is assessed.

Specifically, the plot_heterogeneity.py script
in Heterogeneity/Heterogeneity_Assessment
plots a comparison between the modeled and experi-
mental copy numbers (Figure 3). We observe that the
most likely copy numbers are sampled, indicating that
we are ready to proceed to snapshot modeling.

2.2 | Modeling of snapshots

The second modeling workflow produces snapshot
models (Figure 1). Each instance of snapshot modeling
produces a set of structural models for a single hetero-
geneity model, corresponding to a single snapshot
model. Snapshot modeling is performed independently
for each heterogeneity model. The procedure for pro-
ducing a snapshot model mirrors that of static structural
modeling (Alber, Dokudovskaya, Veenhoff, Zhang, Kip-
per, Devos, Suprapto, Karni-Schmidt, Williams, Chait,
Rout, & Sali, 2007a; Rout & Sali, 2019; Sali, 2021).

2.2.1 | Snapshot modeling step 1:
gathering of information

In the first step of snapshot modeling, information about
the process of interest is gathered. To model a static
snapshot model, we use a heterogeneity model, the
X-ray crystal structure of the complete Bmi1/Ring1b-
UbcH5c complex from the PDB (Bentley et al., 2011;
Burley et al., 2023) (Figure 2a), a synthetically gener-
ated electron tomography (ET) density map during the
assembly process (Figure 2b), and physical principles.
The input heterogeneity model informs protein copy
numbers for the snapshot model. The PDB structure of
the complex informs the structure of the individual pro-
teins. The time-dependent ET data inform the size and
shape of the assembling complex. Physical principles
inform connectivity and excluded volume.

In addition to the information used in this tutorial,
IMP can also convert many other types of input infor-
mation into model representation or spatial restraints
(Russel et al., 2012; Yang et al., 2012), including chem-
ical cross-links (Shi et al., 2014), FRET measurements

F I GURE 2 Input information for the integrative spatiotemporal
modeling tutorial. This integrative spatiotemporal modeling tutorial
focuses on building a model for the hypothetical assembly
mechanism of the Bmi1/Ring1b-UbcH5c complex with four forms of
information: (a) structural model of the fully assembled structure,
(b) density maps of the assembling complex at 0, 1, and 2 min,
(c) protein copy number data as a function of time, and (d) SAXS
profiles of the assembling complex at 0, 1, and 2 min.
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(Bonomi et al., 2014), hydrogen/deuterium exchange
mass spectrometry (HDX-MS) spectra (Saltzberg
et al., 2017), comparative protein structure models
(Sali & Blundell, 1993), and deep-learning structure
models (Jumper et al., 2021).

2.2.2 | Snapshot modeling step 2:
representation, scoring function, and search
process

In the second step of snapshot modeling, we represent,
score, and search for snapshot models. These three
steps are performed in the Snapshots/

Snapshots_Modeling folder. In this folder, there are
two Python scripts: static_snapshot.py, which repre-
sents, scores, and searches for a single snapshot model,
and start_sim.py, which automates the creation of
multiple snapshot models at each time point.

To begin, static_snapshot.py is similar to other
IMP scripts used for integrative modeling of static struc-
tures (Saltzberg et al., 2021; Webb et al., 2018). We
start by choosing the model representation from a topol-
ogy file, such as spatiotemporal_topology.txt,
located in the Heterogeneity/Heterogeneity_Mo-
deling folder. Here, we choose a multiscale represen-
tation, where the protein is represented by coarse-
grained beads and Gaussians. Each bead depicts one
residue. The Gaussian representation will facilitate com-
parison to ET data through a Gaussian mixture model
(GMM) (Bonomi et al., 2019; Kawabata, 2008). Gauss-
ians within the GMM are assigned density correspond-
ing to approximately ten protein residues through a
divide-and-conquer approach. We then divide each pro-
tein into rigid bodies and flexible strings of beads con-
necting them. The rigid bodies will not change their
shape during sampling. In contrast, the beads will be
free to move relative to each other, although they will be
restrained by sequence connectivity. The choice of rigid
bodies and flexible strings of beads should be commen-
surate with both the input information and the application
of interest; increasing the number of rigid bodies and
beads may allow for models to improve their fit to
restraints but will likely require an increased amount of
input information and sampling. Generally, known pro-
tein domains or secondary structure elements are set as
rigid bodies, and disordered or flexible regions are set to
be flexible beads (Kim et al., 2018).

Next, in static_snapshot.py, a variety of
restraints are implemented to score the model. In this
application, we choose three restraints: connectivity,
excluded volume, and a match of a model to ET data.
The complete scoring function is the sum of each of
these three terms. Connectivity restrains beads adja-
cent in sequence to be close together in space.
Excluded volume penalizes structures in which beads
overlap in space. Finally, the ET density restraint
enforces overlap between the experimental ET map
and a calculated density map of an evaluated complex
model. To reduce the computational cost of this calcu-
lation, GMMs are used to represent both the experi-
mental and computed density maps.

Finally, static_snapshot.py implements one
instance of searching for good-scoring models. The
search process is performed through Markov Chain
Monte Carlo sampling with temperature replica
exchange (Habeck et al., 2005; Metropolis &
Ulam, 1949). Sixteen geometrically spaced replicas
with temperatures between 1.0 kBT and 2.5 kBT are
used. 105 sampling steps are performed in each run,
with frames saved every 200 steps.

F I GURE 3 Assessing heterogeneity models. Comparison
between experimental and protein copy numbers from heterogeneity
modeling for proteins A (a), B (b), and C (c). Error bars represent
standard deviations over multiple experiments.
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While the static_snapshot.py script imple-
ments a single instance of sampling for a snapshot
model, multiple instances of sampling are needed for
sufficient sampling. Further, this process needs to be
repeated for each heterogeneity model. All of these
sampling tasks are performed by running start_sim.
py. Specifically, the script uses the topology files for
each heterogeneity model made by heterogenei-
ty_modeling.py and the static_snapshot.py
script to generate 50 independent sampling runs for
each of the seven heterogeneity models.

2.2.3 | Snapshot modeling step 3:
assessment

In the third step of snapshot modeling, we assess the
snapshot models. Similarly to the heterogeneity
models, we will focus only on calculating the sampling
precision of snapshot models, as a more complete
assessment of the model will be performed later, when
the trajectory models are assessed. Assessment is per-
formed by the snapshot_assessment.py script in
Snapshots/Snapshots_Assessment.

First, models are filtered to select those that meet
certain parameter thresholds. In this example, we use
imp_sampcon select_good to select models whose
cross-correlation with ET data is better than the median
value; a more rigorous Bayesian weighting of different
restraints remains a research topic.

Next, the script plots each score for each snapshot
model using imp_sampcon plot_score. These plots
can be visually inspected to debug the modeling proto-
col. For example, multimodal distributions may be indic-
ative of insufficient sampling.

To assess the sampling protocol more rigorously,
the script runs the imp_sampcon exhaust function on
each snapshot model, which has been thoroughly dis-
cussed previously (Saltzberg et al., 2021; Viswanath
et al., 2017). Briefly, the function performs three explicit
checks on sampling, providing a test for sufficient sam-
pling and an estimate of the sampling precision. First, it
displays the best score of the model from bootstrapping
the score distribution, which can be analyzed for con-
vergence (Figure 4a). Second, it runs a non-parametric
Kolmogorov–Smirnov (KS) two-sample test on two
independently sampled sets of scores to determine
whether the scores were drawn from the same parent

F I GURE 4 Testing for sampling exhaustiveness of a single snapshot model. (a) Testing the convergence of the lowest scoring model. Error
bars represent standard deviations of the best scores, estimated by selecting different subsets of models 150 times. The light-blue line helps
compare the highest average top score to the top score from other subsets of models. (b) Testing that the scores of two independently sampled
models come from the same distribution. The difference between the two distributions, as measured by the KS test statistic (D) and KS test p-
value (p) indicates that the difference is both statistically insignificant (p > 0.05) and small in magnitude (D < 0.3). (c) Determining the structural
precision of a snapshot model. RMSD clustering is performed at 1 Å intervals until the clustered population (% clustered) is greater than 80%,
and either the χ 2 p-value is greater than 0.05 or Cramér’s V is less than 0.1. The sampling precision is indicated by the dashed black line.
(d) Populations from sample 1 and sample 2 are shown for each cluster.
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distribution (Figure 4b). Third, it estimates the sampling
precision of the model by calculating the smallest clus-
tering threshold where each structural cluster includes
models from each sample proportionally to its size
(Figure 4c,d). To summarize the results from this test,
the snapshot_assessment.py script outputs a table

with the results of the KS test and sampling precision
for each snapshot model (Table 1). Further, additional
checks can be performed by ensuring sufficient overlap
between the localization density of each cluster, which
are also automatically output; the localization density is
obtained by converting the ensemble of protein struc-
tures into the probability of any volume element being
occupied by the protein (Alber, Dokudovskaya, Veenh-
off, Zhang, Kipper, Devos, Suprapto, Karni-Schmidt,
Williams, Chait, Rout, & Sali, 2007a). Finally, the snap-
shot models can be visualized with Chimera or Chi-
meraX (Goddard et al., 2018; Pettersen et al., 2004). In
particular, imp_sampcon exhaust outputs the cen-
troid model for each model cluster, which can serve as
a representative model for visualization (Figure 5).

2.3 | Modeling of a trajectory

The third modeling workflow produces a
trajectory model (Figure 1). The trajectory model is a
set of weighted trajectories that describe the process of
interest, including the uncertainty corresponding to the
variability among the trajectories.

2.3.1 | Trajectory modeling step 1:
gathering of information

In the first step of trajectory modeling, information about
the process of interest is gathered. To model a trajec-
tory, we use snapshot models, physical principles of
macromolecular dynamics, and computed SAXS pro-
files at sampled snapshot time points. Snapshot
models inform transitions between sampled time points,
and their scores inform trajectory scores. Physical prin-
ciples of macromolecular dynamics inform transitions
between sampled time points. More specifically, these
physical principles inform both the Markovian frame-
work used to represent the model and the optional tran-
sition scoring term, which constrains the assembly
process to be associative. A SAXS profile informs the
size and shape of the assembling complex and is used
only for validation.

2.3.2 | Trajectory modeling step 2:
representation, scoring function, and search
process

In the second step of trajectory modeling, we represent,
score, and search for trajectories in a trajectory model.
Each trajectory is a series of snapshot models, with
one snapshot model at each sampled time point. In this
representation, the complete set of trajectories can be
viewed as a directed acyclic graph, where a node in the
graph represents a snapshot model and an edge

TAB LE 1 Sampling convergence of snapshot models.

Snapshot Time D p-value
Sampling
precision (Å)

1 0 min 0.00822 1.00 1.02

2 0 min 0.0997 1.00 17.0

3 0 min 0.0613 1.00 16.0

1 1 min 0.114 1.00 16.8

2 1 min 0.0411 1.00 3.00

3 1 min 0.0459 1.00 5.27

1 2 min 0.103 1.00 19.9

Note: For each snapshot model, the KS two-sample test statistic (D), the KS
test p-value, and the sampling precision are provided.

F I GURE 5 Snapshot models for the assembly process. For each
snapshot model, the centroid protein structural model from the most
populated cluster (A—blue, B—orange, and C—purple) is shown,
along with the experimental ET density (gray). Snapshot models are
numbered from most to least likely according to experimental copy
number data. The number below the snapshot represents the cross-
correlation coefficient between the experimental ET density and the
forward density of the set of sufficiently good-scoring modeled
structures.
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represents connections between two snapshot models
at neighboring time points.

Each trajectory score is the product of the scores of
the snapshot models visited along the path and the
scores of transitions between them:

w xð Þα
YT
t¼0

P xt jDtð Þ •
YT -1
t¼0

W xtþ1jDt,tþ1ð Þ, ð1Þ

where t indexes time from 0 to the final modeled snap-
shot (T); Xt is the snapshot model at time t; Dt is the
experimental data at time t; P(XtjDt) is the snapshot
model score; and W(Xt+1jXt,Dt,t+1) is the transition
score. A trajectory weight (W(χ)) is normalized so that
the sum of all trajectory weights is 1.0. Transition
scores are currently based on a simple metric that
either allows or disallows a transition; a transition is
allowed only if all proteins in the first snapshot model
are included in the second snapshot model. More elab-
orate transition scores could take into account experi-
mental information and/or physical models of
macromolecular dynamics (Ghosh et al., 2020; Husic &
Pande, 2018; Lindorff-Larsen et al., 2011; Noé
et al., 2020).

Multiple trajectories are constructed by enumerating
all connections between snapshot models at adjacent
time points and scoring them according to Equation (1).
This enumeration results in a set of weighted trajecto-
ries (i.e., a trajectory model).

The representation, scoring, and search process
steps for computing a trajectory model are performed
by the create_trajectories.py script in

Trajectories/Trajectories_Modeling. The
script uses the create_DAG function to create a set of
trajectories from the snapshot models and the experi-
mental copy number data. This set can be visualized
as either a directed acyclic graph or by rendering the
centroid of the most likely cluster of structural models in
each snapshot model visited along the most likely tra-
jectory (Figure 6).

2.3.3 | Trajectory modeling step 3:
assessment

In the third step of trajectory modeling, we assess the
trajectory model. Ideally, we would like to know
the model accuracy (i.e., the difference between the
model and the truth). However, it is generally not possi-
ble to estimate the accuracy of a model because the
truth is not known. Instead, we can assess a model in
at least four ways: estimating the sampling precision,
quantifying the model precision, comparing the models
against data used to construct them, and validating the
models against data not used to construct them. Each
of these steps is performed by the trajectorie-
s_assessment.py script in the Trajectories/
Trajectories_Assessment folder.

First, the script quantifies the sampling precision
(uncertainty) of the trajectory model with the analy-
sis.temporal_precision function. The only
source of this sampling uncertainty in the current work-
flow is the sampling precision of the snapshot models,
as trajectories are enumerated. The sampling precision
of the trajectory model is defined by the difference
between two trajectory models, each computed from
two independent samples of the snapshot models. This
temporal precision metric will approach 1.0 when the
overlap between independently sampled trajectory
models is perfect and 0.0 when there is no overlap
between the independently sampled trajectory models.
For the tutorial example, the temporal precision of 1.0
indicates that the sampling of snapshot models fully
converged.

Second, the script quantifies the model precision
with the analysis.precision function. This function
calculates how many trajectories contribute significantly
to the trajectory model. The precision will approach 1.0
when one trajectory has a much higher weight than the
rest of them; the precision will approach the reciprocal
of the number of trajectories when all trajectories are
weighted equally. For the tutorial example, the preci-
sion of 1.0 indicates that a single trajectory dominates
the trajectory model (Figure 6).

Third, the script quantifies the agreement between
the trajectory model and the information used to con-
struct it. For each sampled time point, it first calculates
the cross-correlation between the computed density of
each snapshot model and the corresponding

F I GURE 6 Hypothetical assembly mechanism of the Bmi1/
Ring1b-UbcH5c complex. The integrative spatiotemporal model of the
protein complex assembly process is represented as a directed acyclic
graph (left) and a series of centroid structures along the highest
weighted trajectory (right). Each row corresponds to a different time
point in the assembly process (0, 1, and 2 min). Each node represents
a single snapshot model, is numbered according to its ID in Figure 5,
and is shaded according to its weight in the final model (W(Xt)).
Protein A, blue; protein B, orange; and protein C, purple.
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experimental ET density (Figure 5). For the tutorial
example, the snapshot models along the most likely tra-
jectory show particularly good agreement with the
experimental density (Figure 7a). Next, the script calcu-
lates the protein copy number for the trajectory model,
which is then compared to the experimental copy num-
ber (Figure 7b–d). For the tutorial example, the copy
numbers of the trajectory model lie well within the
experimental error at all time points, indicating satisfac-
tory agreement between the model and the data used
to compute it.

Fourth, the script compares the model to data not
used in trajectory model construction. In particular, the
experimental SAXS profiles were reserved for valida-
tion. For each snapshot model, the scattering profile of
the centroid structural model is computed by FoXS
(Schneidman-Duhovny et al., 2016), followed by quanti-
fying its similarity to the experimental profile using the
χ 2 value (Figure 8a–c). For the tutorial example, the χ 2

values indicate that the highest weighted trajectory
(Snapshot 1) fits the SAXS profiles well and better than
the alternative trajectories (Table 2), providing an inde-
pendent validation of the model.

Finally, the use of synthetic data in this example
provides knowledge of the truth and allows for an eval-
uation of model accuracy. First, we evaluate the accu-
racy of the trajectory model by assessing the weight of
the true trajectory in the trajectory model. The true

trajectory is the highest weighted trajectory, with the
weight approaching 1.0, while all other trajectories
account for only �10�19 of the trajectory weight. Sec-
ond, the trajectories_assessment.py script cal-
culates the average root-mean-square deviation
(RMSD) between the structures in the snapshot model
at each time point and the final assembled structure.
This RMSD is a useful measure of model accuracy,
especially when the sampling precision of snapshot
models is higher than the RMSD. For the tutorial exam-
ple, the assembled structure lies within 1.5 Å of the
sampling precision at all time points, indicating that
the modeling comes close to predicting the true struc-
ture for all time points in the assembly process
(Figure 8d).

3 | DISCUSSION

In this tutorial, we constructed heterogeneity models at
sampled time points along a biological process of inter-
est, computed a snapshot model for each of these het-
erogeneity models, connected the snapshot models to
produce a set of trajectories (a trajectory model), and
assessed the trajectory model to titrate our confidence
in its predictions. If the precision of the trajectory model
was insufficient to answer biological questions of inter-
est, the model assessment could help inform new

F I GURE 7 Assessing a spatiotemporal model with data used to compute it. (a) Cross-correlation coefficient between the experimental EM
density and the forward density of the set of sufficiently good scoring modeled structures in the highest weighted trajectory. Comparison between
experimental and modeled protein copy numbers for A (b), B (c), and C (d). Error bars represent standard deviations over multiple experiments
or weighted trajectories and are smaller than the symbols when not visible.
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experiments to improve the next iteration of trajectory
modeling.

If a model is ready for publication, it should be
archived so that others can reproduce the results or
use the model. The model, data, and protocols should
be deposited in the PDB, which has recently been
extended for the deposition of integrative structures
(Vallat et al., 2021). A straightforward way to deposit
such models is through the use of python-ihm, which
has been described in a previous IMP tutorial (https://
integrativemodeling.org/tutorials/deposition/).

In conclusion, modeling biological processes is of
high interest because biomolecular systems are
dynamic (Russel et al., 2009). We demonstrated an
integrative spatiotemporal modeling workflow that aims
to maximize the amount of input information imposed
on the model by construction. We envision this
approach will be useful for modeling large-scale

rearrangements of multicomponent systems, which
remain challenging to describe by a single technique
due to the large spatial and long temporal scales. For
example, exocytosis (Jahn & Südhof, 1999; Zhang &
Hughson, 2021), viral assembly mechanisms
(Perlmutter & Hagan, 2015; Yao et al., 2020), gene
transcription (Cramer, 2019; Lin et al., 2021), and ribo-
some biogenesis (Jiao et al., 2023; Thomson
et al., 2013) are well-studied processes where sufficient
data may already exist to produce coarse-grained inte-
grative spatiotemporal models capable of providing
new mechanistic insight. This tutorial, implemented in
IMP, may facilitate creating, assessing, and depositing
such models.

4 | MATERIALS AND METHODS

The scripts and input information used in this tutorial are
available at the IMP spatiotemporal tutorial Github re-
pository: https://github.com/salilab/imp_spatiotemporal_
tutorial.

This tutorial requires a variety of open-sourced
packages, specifically:

• IMP version 2.22 or later (https://integrativemodeling.
org/)

• numpy (https://numpy.org/)

F I GURE 8 Assessing a spatiotemporal model with data not used to compute it and evaluating the model accuracy. Comparison between
the centroid structure of the most populated cluster in each snapshot model at each time point and the experimental SAXS profile for 0 min (a),
1 min (b), and 2 min (c). The χ 2 value for each fit is provided in Table 2. (d) Comparison between the model sampling precision (dark red) and
the RMSD to the PDB structure (light red) for each snapshot in the highest weighted trajectory.

TAB LE 2 Fit of SAXS profiles to experimental data.

Time Snapshot 1 χ 2 Snapshot 2 χ 2 Snapshot 3 χ 2

0 min 0.87 43.97 107.34

1 min 3.22 873.84 333.01

2 min 5.49

Note: Measurement of χ 2 for fitting modeled structures to experimental SAXS
profiles, as shown in Figure 8a– Snapshot models are labeled according to
Figure 5.
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• pandas (https://pandas.pydata.org/)
• matplotlib (https://matplotlib.org/)
• pyrmsd (https://github.com/salilab/pyRMSD)
• graphviz (https://pypi.org/project/graphviz/)

The computational resources needed for this tutorial
are listed for each script, assuming 1 core of an Intel
Xeon or AMD EPYC CPU, unless otherwise noted:

• heterogeneity_modeling.py—1.1 s
• plot_heterogeneity.py—1.0 s
• start_sim.py—2775 total CPU hours (approxi-
mately 29.7 min per instance of static_snap-
shot.py, which is run 50 times for each snapshot
and uses 16 CPU cores simultaneously).

• snapshot_assessment.py—5.6 h
• create_trajectories.py—56 s
• trajectories_assessment.py—2.3 h.

The computational cost of this tutorial (approxi-
mately 8 CPU hours without snapshot sampling:
approximately 2783 CPU hours for the entire workflow)
is much less than the computational cost of modeling
the NPC assembly process (Latham et al., 2025;
Otsuka et al., 2023) (approximately 1,164,800 total
CPU hours), which represents a particularly complex
case due to the number of snapshot models (91) and
the size of the NPC (�100 MDa in humans) (Lin &
Hoelz, 2019). The tutorial also includes a Jupyter note-
book and a Google Colab notebook, which can repli-
cate many of the key steps in approximately 5 min of
compute time.

4.1 | Generation of synthetic data

Synthetic data was generated to describe the hypo-
thetical assembly mechanism of the Bmi1/Ring1b-
UbcH5c complex (Bentley et al., 2011). All code nec-
essary to generate the input information is in the
modeling/Input_Information folder. To start, we
chose protein copy numbers at each time point in the
assembly process. Specifically, we chose the true tra-
jectory to be protein B, proteins B–C, and proteins A–
B–C at 0, 1, and 2 min, respectively. Then, we created
a ground truth structure at each time point by modify-
ing the original structure of the Bmi1/Ring1b-UbcH5c
complex to agree with the chosen protein copy
numbers.

Synthetic ET data was generated for each time
point in the assembly process using its corresponding
ground truth structure. First, a density map was com-
puted using the forward density of the ground truth
structure at each time point. Second, this density map
was converted into a GMM with 40 Gaussians. Third,
noise was added by multiplying the mean value of each

Gaussian in the GMM by a random variable uniformly
distributed between 0.9 and 1.1. The resulting GMMs
with noise had reasonable overlap with the original
GMMs, with cross-correlation values of 0.86, 0.87, and
0.86 for 0, 1, and 2 min, respectively.

Synthetic copy number data was generated for each
protein. The ground truth distribution was

ni,t ¼1
2
tanh 5� t� Ti þ0:5ð Þð Þð Þ, ð2Þ

where t is the time at which the copy number is being
computed, while Ti is the time at which each protein (i)
is added to the complex and takes the value of 0, 1,
and 2 for proteins B, C, and A, respectively. Based on
this ground truth distribution, synthetic data was com-
puted by generating ten samples from a Gaussian dis-
tribution whose means were given by Equation (2) and
whose standard deviation was 0.5. Data was generated
at 0.1min intervals between 0.0 and 2.5min.

Synthetic SAXS data was computed at each time
point by generating the forward model of the ground
truth structure. The experimental error was approxi-
mated for each point in the scattering profile as

E I qð Þ,qð Þ¼ 0:03� I qð Þ �5� qþ0:001ð Þ� k
10

�1

� �
þ1

� �
,

ð3Þ

where I(q) is the scattering intensity, q is the scattering
angle, and k is a Poisson random variable with a Pois-
son parameter of 10.
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