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The CryoEM single particle structure determination method has recently received broad attention in the field of struc-
tural biology. The structures can be resolved to near-atomic resolutions after model reconstructions from a large number
of CryoEM images measuring molecules in different orientations. However, the determining factors for reconstructed map
resolution need to be further explored. Here, we provide a theoretical framework in conjunction with numerical simu-
lations to gauge the influence of several key factors to CryoEM map resolutions. If the projection image quality allows
orientation assignment, then the number of measured projection images and the quality of each measurement (quantified
using average signal-to-noise ratio) can be combined to a single factor, which is dominant to the resolution of reconstructed
maps. Furthermore, the intrinsic thermal motion of molecules has significant effects on the resolution. These effects can
be quantitatively summarized with an analytical formula that provides a theoretical guideline on structure resolutions for
given experimental measurements.

Keywords: Cryo-EM, resolution, noise, conformation heterogeneity
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1. Introduction
The Cryo-electron microscopy (CryoEM) single particle

imaging method has become popular recently in the struc-
tural biology research community.[1] The basic idea of Cryo-
EM is to measure the particles at all possible orientations and
use computational model reconstruction algorithms to build a
three-dimensional (3D) structure that best satisfies the overall
measurements. Due to irradiation damage from high-energy
electrons during the measurements, each particle or molecule
can only tolerate certain amount of electron doses before the
molecule deteriorates. Experimentally, each particle/molecule
is only measured once at a given orientation that is nearly
fixed in vitreous ice. The CryoEM single particle imaging
method spreads the electron dosage to a large ensemble of
molecules, and each scatters a tolerable number of electrons
to form a magnified image. Meanwhile, the cryogenic envi-
ronment protects the sample molecules, maintaining molec-
ular integrity. Nonetheless, the model resolutions from Cry-
oEM experiments were not close to those obtained from the
x-ray crystallography method until the recent breakthrough in
three aspects, namely: (i) the invention of a direct electron de-
tector to allow accurate and fast measurement of electrons;[2]

(ii) the development of data processing software, in particu-
lar the application of Bayesian algorithms in reconstructions,
backed by high-performance computers;[3–5] and (iii) the ad-
vances in sample preparations that allow measurements at di-

verse orientations at improved signal levels using thin vitreous
ice layers.[6–8] The fast readout rate of new direct electron de-
tectors also enables measurements in movie modes that lead
to the correction of molecular drift during data collection to
sharpen the blurred signals.[9,10] For a long time, only the par-
ticles with high symmetries could be determined to high reso-
lutions using CryoEM single particle imaging method, such as
virus particles.[11–13] However, since the structural determina-
tion of the TRPV1 molecule at 3.4 Å,[14] many high-resolution
structures of molecular complexes have been determined using
the CryoEM single particle imaging method. This technology
is enriching in the protein structure database, particularly with
large molecular complexes.[15–21]

Despite the advances in CryoEM single particle imag-
ing method, some fundamental questions remain. One ques-
tion we would like to address here is regarding the deter-
minant factors for model resolution. In the crystallography
method, the concept and measures of resolution have been
well established,[22,23] while they are still under investiga-
tion in CryoEM. In general, the resolutions for the maps de-
termined using the CryoEM approach are estimated using
model consistency; i.e., by calculating the Fourier shell cor-
relation (FSC) profiles and examining the point where the
signal disappears.[24–27] Recently, several alternative methods
have been developed to assess the map resolutions, such as
the approach that checks the local details of the structure.[28]
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For maps determined to near atomic levels (better than 3 Å),
the reconstructed electron density maps can be visually in-
spected to check the model accuracy. Regardless of the dif-
ferent definitions in model resolution, the correct interpreta-
tion of the reconstructed models is subject to validation us-
ing complementary approaches, such as biochemical assays
or single molecule fluorescence experiments. Putting aside
the arguments on CryoEM map resolutions using different ap-
proaches, we would like to focus on the factors that determine
the model resolution and hope to obtain a theoretical frame-
work that guides the experiments to improve the resolution
using optimized protocols for data collection.

In this work, we investigated four factors that influence
model resolutions, namely, the number of projection measure-
ments, the signal-to-noise ratio (SNR) of individual measure-
ments, and the intrinsic flexibility of molecules. Early studies
have provided important clues about how these factors may
contribute to the model resolutions. For example, Henderson
studied the resolution limits resulted from electron microscopy
and provided a relation between the resolution and the num-
ber of projections.[29] Later, Rosenthal and Henderson formu-
lated a more detailed equation (noted RH model hereafter) to
estimate the desired number of projections for the different
structure resolutions.[26] In the RH model, the electron dose,
SNR, molecular symmetry, and an effective B-factor were
considered.[26,30,31] The effective B-factor was found to be es-
sential to fit to experimental data because it is used to model
the combined effects of molecular drifting due to charging ef-
fects, molecular flexibility, errors in image processing, and so
on, into a Gaussian envelope function that describes the signal
falloff.[30,31] Based on this pioneer research, we would like
to revisit these relations and validate the formulations using
numerical simulations. Furthermore, it is known that many
molecules undergo conformational changes to be functional.
To solve structures at higher resolutions, the molecules can
be locked in a particular conformation. For example, Sub-
ramaniam and coworkers used a cell-permanent inhibitor to
stabilize β -galactosidase and obtained a CryoEM structure at
2.2 Å.[32] In another work, the same group obtained a struc-
ture of glutamate dehydrogenase to 1.8 Å after detailed projec-
tion classifications by sorting out the images that belong to the
most populated conformation.[33] Here, we set out to investi-
gate the effects of molecular intrinsic motion using a structure
ensemble to simulate CryoEM single particle images, taking
the heterogeneous conformation reality under consideration.
Consequently, we proposed a framework using these factors
to predict structure the resolutions. The numerical simulation
results were used to estimate free parameters. The statistics
from the resolved structures are consistent with the proposed
model.

2. Method and theory
2.1. Existing theoretical framework

The model originally proposed by Rosenthal and Hender-
son (the RH model) and later elaborated by Liao and Frank
connects several key factors in the CryoEM method using the
following equation:[26]

N (k) =
Cσ2

1/nk

nk
∑

r=1
|Fr

T (k)|
2

k exp
(

Bk2

2

)
, (1)

where N is number of particles (projections) that are needed
to reach the resolution defined by the Fourier frequency k; σ2

is the variance of the noise, Fr
T (k) is the Fourier intensity of

the map in the resolution shell [k,k +∆k], B is the effective
temperature factor, and C is a scaling constant.

The SNR (defined as the ratio between variances of sig-
nals and noises) at a resolution shell k is effectively rep-

resented by
(

1/nk

nk
∑

r=1
|Fr

T |
2
)
/σ2, where the numerator re-

sembles the rotational average of the intensity (similar to the
small/wide angle scattering intensity) and the denominator is
the noise level. The second term on the right side of Eq. (1), k,
describes the linear dependency of N(k) on the resolution shell
k because the number of data points in each two-dimensional
(2D) projection is at the order of k2, while the desired number
of data points in 3D increases with k3. The last term is the
Gaussian falloff to account factors, such as structural fluctua-
tions or misalignment during data processing. We carried out
numerical simulations to examine the effects of each compo-
nent. Based on the results, we revise the formula to provide an
improved prediction formula on map resolutions.

2.2. Data simulation

The structure of GroEL (PDB ID: 1XCK,[34]) was used as
the model system in the numerical simulations (see Fig. 1). We
present two theoretical formulations to investigate the factors
that influence the map resolutions, the Gaussian noise (GN)
model and the Thermal Fluctuation (TF) model, as shown in
Fig. 1.

The Gaussian noise (GN) model was proposed to describe
the dependency of the model resolution on the number of pro-
jections and the noise variance.

N (k) = AGNσ
2k eBk2

, (2)

where N(k) is the desired number of particles (projections) to
collect confident signal levels at a frequency k; σ2 is the vari-
ance of the Gaussian noise; and B is a scaling parameter.

The TF model describes how thermal fluctuations of the
molecules influence the model resolution. RMSD (root-mean-
square-deviation) is one quantity that measures the difference
between the structures, and here we used the mean square of
the pairwise RMSD of an structure ensemble to quantify the
structure fluctuations and to mimic the Debye–Waller factor.
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The following formula is proposed to relate the thermal fluctu-
ation levels, number of projection images and achievable map
resolution:

N (k) = ATFk eC〈RMSD2〉k2
(3)

where 〈RMSD2〉 is the mean square of the RMSD values ob-
tained by pairwise comparison within the structure ensemble;
and k is the spatial frequency. In both Eqs. (2) and (3), AGN,
ATF, B, and C are free parameters.

For the Gaussian noise model, SPIDER 22.03[35] pack-
ages were used to generate the simulation data. The atomic
model of GroEL was first converted to a density map
(voxel size = (0.86 Å)3), and then projection images were
simulated at orientations generated with the successive orthog-
onal rotation sample approach.[36] The noises were incorpo-
rated according to the desired SNR following a Gaussian dis-
tribution after the contrast transfer function (CTF) for defocus
of range from 1.0 µm to 3.0 µm was convoluted to the simu-
lated projections. In this case, the CTF was not modulated by
the envelope function. The image simulation process is sum-
marized in Fig. 2(a). More specific procedure in mathematical
phrase is as the following: (i) a 3D map is rendered by vox-
elization of an atomic model; (ii) generate projection images

at orientations that uniformly distributed in the SO3 space;
(iii) convert the projection images to Fourier space using FFT,
then multiplies the CTF function for a random defocus level
between 1.0 µm to 3.0 µm; (iv) apply inverse Fourier trans-
form to get the CTF convoluted projection image; and (v) add
desired Gaussian noise to get the final projection image.

(a) (b)

Fig. 1. (color online) The two models used for CryoEM single particle
imaging data simulations. (a) Gaussian noise model: noises were added
to the simulation data to study the influence of noise on model resolution.
(b) Thermal fluctuation model: a structure ensemble was first generated to
mimic the structure heterogeneity. Each single particle projection was sim-
ulated based on a randomly picked structure from the ensemble. Three rep-
resentative models for GroEL are shown in panel (b): the original structure
is in gray; the yellow and blue structures were generated using normal mode
perturbations.

GroEL

1000 models

…

0 A<RMSD<1 A
100 models

…

1st new sub-group
1st sub-group

1 A<RMSD<2 A
100 models

2nd sub-group

2 A<RMSD<3 A
100 models

3rd sub-group

9 A<RMSD<10 A
100 models

10th sub-group

2nd new sub-group

3rd new sub-group

10th new sub-group

…

(a)

PDB: 1XCK 3D-structure 2D projections

(No CTF)

θi

2D projections

CTF

2D projections

CTF + Noise

(b)

Fig. 2. (color online) The workflow for single particle imaging data stimulation. (a) The protocol for the projection data simulation with defo-
cused lenses and Gaussian noises from a single 3D structure. (b) The procedure for structure ensemble generation to model the heterogeneity
of biomolecular conformations.
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To simulate the heterogeneity in the structures, we first
obtained a set of diverse structures to form a structure ensem-
ble based on the GroEL structure. Without the loss of gen-
erality, the structural ensemble was generated using the nor-
mal mode perturbation approach. The ‘ProDy’ program based
on an anisotropic elastic network model was used to compute
the normal modes and the eigenvalue spectrum.[37] Since the
functional relevant motions are highly collective, three nor-
mal modes corresponding to the lowest frequencies were used
to generate the perturbed structures. Specifically, the original
structure (gray colored in Fig. 1(b)) was perturbed along the
three normal modes (accounting to approximately 20.8% of
total fluctuations), with deformation amplitudes ranging from
1 to 100, and an ensemble of 1000 structures was generated
around the original structure, with a maximum RMSD of ap-
proximately 10 Å compared to the original structure. The
RMSD values of generated structures with respect to the orig-
inal structure were used to group the structures into 10 bins
using 1 Å as the bin size. The structure ensembles were then
compiled by drawing structures from the 10 bins using the fol-
lowing approach: the first group includes structures randomly
drawn from the first bin (RMSD < 1 Å compared to the orig-
inal structure). The second group is composed of structures
randomly drawn from the first two bins, etc. This procedure
ensures that the structure diversity levels are different in 10
groups. The structure preparation procedure is summarized in
Fig. 2(b). The average structure deviation from the original
structure and the mean square of the pairwise RMSD within
each group, which is used to measure the structure diversity,
are summarized in Table 1. This allows us to examine the de-
pendence of the model resolution on the structure heterogene-
ity (or thermal fluctuation levels).

Table 1. The characteristics of the structure ensembles after incorpo-
rating the thermal fluctuations. In each group, there were 100 struc-
tures selected using the protocol described in the main text. In the
table, 〈RMSD〉a: Average RMSD with respect to the original model.
〈RMSD2〉b: The mean square of the pairwise RMSD within the ensem-
ble.

Group ID 〈RMSD〉a/Å 〈RMSD2〉b/Å2

1 0.79 0.90
2 1.24 1.65
3 1.62 3.16
4 2.08 5.86
5 2.52 10.78
6 3.02 17.35
7 3.54 23.03
8 4.02 27.88
9 4.53 32.51

10 4.99 35.80

The projection image simulation procedure is essentially
the same as previously described for the case of a single 3D
structure, except that images forming a dataset were simu-
lated based on randomly selected 3D structures from the corre-

sponding group. Consequently, each simulated dataset has the
following controlled parameters: the number of projections,
SNR, and the structure heterogeneity due to thermal fluctua-
tions.

2.3. Resolution cutoff and curve fitting

The resolution determination was based on the Fourier
shell correlation (FSC) implemented in SPIDER with the gold
standard rule at the cutoff level of FSC = 0.143. The simula-
tion data was split into two half subsets randomly, and each
reconstruction was carried out using back projections with
known orientations or using the iterative reconstruction meth-
ods based on Bayesian maximum likelihood algorithm imple-
mented in the Relion 1.4 package.[4] In the cases that the stan-
dard reconstruction procedures were carried out to build the
electron density maps, each dataset was processed five times
and the best resolutions were used in the final analysis.

The resolutions of the reconstructed maps were deter-
mined for various combinations of factors that were consid-
ered in this work. The value of each factor was systematically
scanned in practical ranges so that the quantitative relation-
ships could be studied using a parameter fitting to theoretical
formula. The free parameters used in the GN and TF models
were obtained by the nonlinear Least Squares (Curve Fitting)
module in MATLAB.

2.4. The survey of resolutions of experimental models

A statistical survey was carried out on the structures de-
termined using CryoEM deposited in the EMDB database
(http://www.ebi.ac.uk/pdbe/). The retrieved information in-
cludes the molecular weight, detector type, resolution deter-
mination criteria, molecular symmetry, number of projections
and the microscope operating voltages.

We focused on the models that fulfill the follow-
ing requirements: (I) Models that were deposited between
2017/01/01 and 2018/05/17; (II) Micrographs were recorded
using direct electron detection technology; (III) The reported
resolution is determined with gold standard rule at FSC =

0.143; (IV) Models without higher symmetry; (V) Molecule
weight of all models are ranged from 0.5 MDa to 1.0 MDa.
As a result, 86 models from EMDB were selected to for the
map resolution statistics.

3. Results
The RH model describes the dependency of the resolution

on the number of projections and the SNR, molecular symme-
try, and other factors under the umbrella of the b-factor. We fo-
cused on the study of three parameters by simplifying the for-
mula to the GN and TF models, as described in Section 2. By
varying the parameters that quantify these determinant factors,
the influence on the resolution of the reconstructed structures
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were systematically assessed. The simulated GroEL datasets
were used to estimate the free parameters by optimizing the fit-
ting of the analytical formula to the data points obtained from
the simulations.

3.1. Effective number of projections

The RH model describes the dependency of map reso-
lution on the number of experimental images, and the loga-
rithm trend of the reconstructed model resolution as a func-
tion of the number of measured projections is attributed to the
b-factors (due to sample particle drifting, misalignment, nu-
merical interpolation, etc.[26] Surprisingly, the logarithm trend
was observed for the simulation data without explicitly apply-
ing the envelope function eBk2/2 during the projection simula-
tions (see Fig. 3(a)). Furthermore, the utilization of the known
orientation as available information eliminated alignment er-
rors that occurred during orientation recovery process. There-
fore, the errors described with the b-factor envelope function
in RH model are not the only cause of the logarithm trend. The
numerical interpolation during structure reconstruction could
not be avoided, and this might be one source of the loga-

rithm trend. Another possibility is that the logarithm trend is
due to uneven information embedding in single particle imag-
ing datasets, where the low-resolution information is redun-
dant, while the high-resolution information barely reaches the
signal-to-noise threshold.

In the 2D cases, n measurements of the same image will
boost the SNR (defined as ratio of signal variance and noise
variance) n times if the noise types and levels are the same
for all measurements.[30] In the 3D map reconstruction from
2D projection images, we observed the same relationship (see
Fig. 3). To simplify the GN model, a new parameter, the ‘ef-
fective number of projections’, Ne, was defined as the product
of the projection number and the average SNR of the individ-
ual projection image (see Eq. (4)). The noise term is absorbed
into this new parameter Ne, and equation (2) becomes:

Ne (k) = AGNk eBk2
, Ne (k) =

N(k)
σ2 . (4)

This relation can be verified with the simulation results sum-
marized in Fig. 3.
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Fig. 3. (color online) Relation between model resolution and data quantity/quality. (a) The model resolution depends on the
number of measurements. Two sets of data are plotted with signal to noise ratios (SNR) of 0.2 and 0.4. The lines were obtained
by fitting the data points using the Gaussian noise model. R-square values were 0.9946 and 0.9865, respectively. (b) The noise
term was combined with the number of projections. The two sets of data in Fig. 3(a) were fitted with a single set of parameters
by defining the effective number of projections. R-square of the line is 0.9782. (c) and (d) The same plots as in panels (a) and (b),
except that the maps were reconstructed using standard procedures in Relion without using known orientation information. Due
to the heavy computing demands for standard reconstructions, a subset of data were investigated in the case of panels (c) and (d),
and the sampled region in panel (d) corresponds to the blue shaded area in panel (b).
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In Fig. 3(a), the SNR values were treated as a separate
parameter, independently from N (the number of measure-
ments) and the two sets of data with different SNR values were
fitted to two equations (the two black curves). In Fig. 3(b), the
data points were merged to a single line using the effective
number of projections (Ne). Subsequently, a single equation
is adequate to describe the relationship between the resolution
and the number of ‘effective’ projections. Using the nonlinear
curve fitting algorithm, the values of coefficient AGN and B are
1298 and 46 (Å2), respectively, for the GroEL simulation data.

The map reconstructions using back projection method
are only possible if the image orientations were known, so it
describes an ideal situation. In practice, the orientations needs
to be assigned using iterative methods, which converges to the
model that best satisfies the constraints of the whole dataset.
Here, the auto-refine function implemented in Relion was ap-
plied for the model reconstruction. The gold standard rule was
also used for resolution determination. To reduce the influence
from randomness, the best resolution from five independent
runs were reported as the map resolution for final statistics.
The results are summarized in Figs. 3(c) and 3(d). The orien-
tation assignment error indeed affects the quality of the recon-
structed maps, indicated by the lower resolutions compared to
that in the cases from back projection reconstructions. Never-
theless, after combining the number of projection images and
the SNR, the overall trend is still reasonably described using
the RH model, suggesting that the effective number of par-
ticles is valid in the simulated cases. However, the relation
becomes invalid if the SNR is too low for accurate orienta-
tion assignment in extreme cases, which were not considered
in this study.

3.2. Thermal fluctuation effect

Biological macromolecules exist in a thermal environ-
ment, and the structure fluctuates around the native states. In
many cases, due to the functionality, molecules exist in sev-
eral meta-stable conformations.[38–40] Using the normal mode
perturbation approach, we attempted to simulate intrinsic mo-
tions and study their influence on the achievable structure res-
olutions at various conformation heterogeneity levels. The TF
model described by Eq. (3) captures the relationship between
map resolution and the number of projections in the presence
of thermal fluctuations (i.e., structure heterogeneity), using an
analytical formula similar to the case of the temperature factor
in x-ray crystallography.[41] Compared to the Gaussian noise
model, the TF model predicts a different behavior in the res-
olution dependency on the number of measurements: the res-
olution gets worse faster for structure ensemble with larger
thermal fluctuations.

In practice, both experimental noise and molecular ther-
mal fluctuation have impacts on the CryoEM single particle

experimental data. Therefore, it is necessary to derive a model
that combines the GN and TF models. Intuitively, the follow-
ing formulation is devised by treating the Gaussian noise and
thermal fluctuation as independent factors that affect the struc-
ture resolutions:

Ne (k) = ATFk e(Bk2+C〈RMSD2〉k2), Ne (k) =
N(k)
σ2 . (5)

Note that the effective number of particles is used in Eq. (5).
To get a sensible fitting to the simulation data, we divided the
TF model to two regimes using 〈RMSD2〉= 10 Å2 as a thresh-
old. As a result, two sets of parameters were obtained: for
〈RMSD2〉> 10 Å2, ATF = 1702.0, BTF = 58.33 Å2, and CTF =

0.75; for 〈RMSD2〉6 10 Å2, ATF = 2465, BTF = 41.06 Å2, and
CTF = 2.88. Without the thermal fluctuation term C〈RMSD2〉
in Eq. (5), we will need five sets of parameters to fit five
datasets in Fig. 4.
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Fig. 4. (color online) The influence of thermal fluctuation to the struc-
ture resolution. (a) The relationship between the resolution and number
of projections at various thermal fluctuation levels. The thermal fluctua-
tion is quantified using the average square root-mean-square-derivation
〈RMSD2〉 of the structure ensemble. All the projections were simulated
with Gaussian noise with an SNR of 1.00. The R-square values of the
fittings to the GN model are approximately 0.96. (b) The five datasets
were fitted using a single set of parameters with an R-square of 0.98
using Eq. (5).
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3.3. Statistics from EMDB database

To compare our theory and simulation results with exper-
imental data and cross-validate the conclusions, we conducted
a systematic survey on the structures determined using Cry-
oEM single particle imaging technology, which are deposited
in the EMDB database. It is worth noting that only the sub-
set of structures that met the criteria described in the Meth-
ods section were used for the statistics. The resolution dis-
tribution nicely resembles the relationship described using the
noise model and the thermal fluctuation model. Using these
parameters (AGN, ATF, B, C in Eqs. (4) and (5)), we can draw
theoretical guidelines to estimate the required number of pro-
jections and obtain the desired resolutions; see Fig. 5. Because
the original model 1XCK weighed approximately 0.81 MDa,
the data for molecule weight ranged from 0.5 MDa to 1 MDa
were compared with the analytical curves of the two models.
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Fig. 5. (color online) The distribution of model resolutions as a function of
particle numbers for experimentally determined structures. The theoretical
lines indicate the resolution limits for molecules with molecular weights be-
tween 0.5 MDa and 1.0 MDa. The curves were drawn with SNR = 0.01
and 0.18 for upper and lower bounds predicted using GN model. The upper
bound were predicted using TF model with 〈RMSD2〉 = 50 Å2 and SNR =
0.01, the corresponding lower bound were predicted with 〈RMSD2〉= 0 Å2

and SNR = 0.18.

As shown in Fig. 5, the experimental model resolutions
were bounded by the theoretical curves. In the bounds pre-
dicted by GN and TF models, the parameters obtained from
GroEL data fitting were used. For GN model, the SNR lev-
els were estimated to be 0.01 and 0.18 for upper and lower
bounds. For the TF model, the same SNR levels were used, ex-
cept that the upper bound has a thermal fluctuation term with
〈RMSD2〉 = 50 Å2. The lower bounds for both GN and TF
models are very similar; however, it is clear that the TF model
provide a better estimate of the upper bound of resolution for
experimental data. Another interesting observation is that the
resolution hardly broke the barrier of 3 Å, although the number
of projections covers a broad range from 2× 104 to 2× 105.

This is likely due to the thermal fluctuations or the coexistence
of multiple conformations of the molecule.

4. Discussion and conclusion
Based on theoretical frameworks, we systematically in-

vestigated the map resolutions and factors using numerical
simulation methods, including the number of measured pro-
jections, signal-to-noise ratio, and the heterogeneity of the
molecules. Two theoretical frameworks were proposed to de-
scribe the relationship between these factors and the resolu-
tions of reconstructed maps. The Gaussian noise model is es-
sentially the same as the formula proposed by Rosenthal and
Henderson, and we found that the noise term could be com-
bined with the number of projections by defining an ‘effective
number of projections’. In the thermal fluctuation model, the
intrinsic dynamic characters of the sample were considered,
and the final resolution could be affected by the fluctuation
level of molecules. The noise and thermal fluctuation frame-
works can be used to provide guidelines to estimate the re-
quired number of projections to reach the desired resolutions,
which was validated using the statistics from the structures that
were experimentally resolved using CryoEM single particle
imaging method.

Simulation studies were carried out in a controlled man-
ner so that the influence of individual factor can be decoupled
from that of other factors. We noticed that the uniform orien-
tation sampling is an ideal situation, because orientation bias
often exists in experimental datasets. In extreme cases, the
missing cone problem can result in strong artifacts in the re-
constructed models. Therefore, the FSC criteria measured the
model consistency and not necessarily the correctness. Be-
cause of the scope of this study, we used the uniform distri-
bution of orientations and the back-projection method to en-
sure that the model reconstructions were carried out properly.
These operations are useful to secure the validity of the FSC
criteria in the resolution cutoff. Nonetheless, the correctness
of the model should be checked using complementary meth-
ods, such as visual inspection of the density maps, local reso-
lution estimation, or validation using biochemistry assays.

In this work, the noises were simulated from a Gaus-
sian distribution to study their influence on the model resolu-
tions. This largely simplifies the noise sources, where the ma-
jor sources include background scattering from vitreous ice,
sample drifting during measurement, misalignment in the ori-
entations and errors introduced in the orientation discretiza-
tion. Some of these errors could be mimicked in the simulation
framework, such as using an envelope function with b-factors.
However, this is beyond our focus in this study, although it
may be a subject for future research.
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Despite the simplicity of the formulation, the proposed
models can be useful in structure determination with CryoEM
single particle imaging methods. One application is to de-
sign a data collection strategy to reach the desired resolutions.
SNR can be estimated based on sample screening data, and
then equations (4) and (5) can be used to estimate the num-
ber of required measurements. Although the current theoret-
ical formulation is based on uniform distributed orientation,
and the parameters may need to be refined for other molecules
(because the parameters obtained in this work are for GroEL
molecules), the results presented in this paper can provide
hints about the obtainable structure resolution for a given num-
ber of measured projections. The data survey on the exper-
imental structures provides evidence that the Gaussian noise
and thermal fluctuation models are applicable for estimating
the resolution limits in molecular structure determination.

The thermal fluctuation model can be used to assess the
structure heterogeneity by reconstructing structures with sub-
sets of data under the homogenous conformation assumption.
With the obtained structure, the same simulation study can
be carried out to generate a series of curves that are associ-
ated with different structural heterogeneity (see Fig. 4). Then,
the resolution of the experimentally determined structure as
a function of the projection number can be compared with
the curves to infer the level of structure heterogeneity. If the
〈RMSD2〉 values are large, then multiple structures should be
reconstructed using the 3D classification approach or a sim-
ilar method.[38,42,43] For instance, as shown in Fig. 5, there
are six data points near the upper bound of TF model. After
a close examination, we found that five data points (EMD-
6739, EMD-6740, EMD-6835, EMD-6836, and EMD-6837)
are the same molecular complex (di-nucleosome with linker
DNA and HP1 protein). This suggests that significant confor-
mation heterogeneity still exist in each dataset that was used
for map reconstruction.

It should be noted that the conclusion learned from the
numerical simulations is conditional thanks to the simplified
the theoretical framework and the idealized treatment of sim-
ulation data. The effective number of projections, Ne, is valid
under the assumption that the SNR is high enough to allow
most of projections to be assigned to their correct orientations.
Otherwise, the Ne will not be a simple product of SNR and the
number of projections. One would expect a much smaller Ne

than SNR*Np, if the low SNR leads to significant alignment
errors. Including more projections images should improve the
model resolution in practice, so it is not suggested to exclude a
particular set of images that are at high defocus levels, because
they can help improve the orientation assignment, especially
when dataset is not extremely large.

In summary, the resolution limiting factors in the Cry-
oEM single particle imaging method were investigated under
theoretical frameworks with a numerical simulation approach.
The results suggest that the resolution of the reconstructed
structure strongly depends on the number of measurements,
image quality, and molecular flexibility. Our results can pro-
vide a guidance to design appropriate experimental strategies
in data collection in general and model reconstruction in the
case of molecules with heterogeneous conformations.
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