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ABSTRACT

Structural biology seeks to determine the three-dimensional arrangement of atoms within

biological macromolecules to understand their functions. Recent advances in cryogenic electron

microscopy (cryo-EM) have enabled the routine determination of macromolecular structures at

near-atomic resolution without the need for crystallization, making cryo-EM a central technique in

modern structural biology. Despite these advances, the reconstructions produced by cryo-EM are

not yet atomic models. Rather, they are three-dimensional density maps from which an atomic

model must be subsequently constructed through model building.

Depending on the resolution of the map, the process of model building can be interpre-

tive. A growing number of reconstructions now reach true atomic resolution, where the density

is unambiguous and requires little interpretation. However, many reconstructions still fall within

the 2.5–4 Å average-resolution range, where the challenges described below are present throughout.

Although some regions of a density map contain well-defined features that permit unambiguous

atomic placement, other regions exhibit weaker or less informative densities arising from molecular

flexibility, conformational heterogeneity, limited local signal, or reconstruction uncertainty. Conse-

quently, not all regions of a cryo-EM map can be interpreted with equal confidence, and identifying

these differences is an essential component of accurate structure determination.

During cryo-EM model building, researchers must decide where to place atomic structures

within the density map, often before any model exists (from crystallography or NMR). Local res-

olution is a measure that builders routinely consult when deciding how much of a map to inter-

pret; however, it primarily reflects reconstruction reproducibility rather than how well the density

constrains atomic positions. These are distinct questions, and the extent to which they diverge

depends on the local-resolution estimator used. I introduce the reliability score, a map-only metric
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computed from the local gradient magnitude of the normalized half-map average, which requires no

fitted model. From the local gradient magnitude, a percentile-ranked reliability score was derived

and binned into omit/caution/build terciles to provide actionable placement guidance. Validated

against the Q-score, a cryo-EM-native, model-to-map measure of placement confidence, the re-

liability score tracks per-residue placement confidence across a cohort of 55 maps and identifies

hard-to-place residues with a median per-map AUC of 0.82. It tracks EMRinger slightly more

closely than it tracks the Q-score (cohort-median ρ = +0.62 versus +0.53). Against the coordinate

corrections published by MEDIC, an independent residue-level detector of model errors, residues

assigned to the omit zone are strongly enriched for subsequent correction. On the same structures,

four local-resolution estimators predict placement confidence less consistently and differ markedly

from one another in how well they do so. The advantage over the strongest estimator is small, and

it does not survive reduction of both predictors to coarse labels. The utility of this tool weakens

above roughly 4 Å, where the half-map average no longer varies finely enough to resolve placement

difficulty at the residue scale, and is not supported above roughly 6 Å global resolution; therefore,

the 2.5–4 Å band remains the primary operating regime for this metric.

The framework is implemented as cryoRIDGE (Reliability Inferred from Density Gradient

Energy), a Python package that computes the reliability score and its omit/caution/build zones

from a pair of unsharpened half-maps. This work argues that the map-only, gradient-magnitude-

based metric termed reliability provides a more consistent basis for ranking placement difficulty

during model building than local resolution, whose usefulness for this purpose varies substantially

with the estimator chosen.

Keywords : cryo-EM, structural biology, model building, map quality, local resolution.
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Chapter 1

BACKGROUND

1.1 What Is Cryo-EM? How Are Maps Made?

Single-particle cryogenic electron microscopy (cryo-EM) is a widely used technique that

allows structural biologists to determine the three-dimensional structure of proteins and other large

molecules at near-atomic resolution, including molecules that are too large, flexible, or difficult to

crystallize for traditional X-ray methods.1,2 In a typical experiment, a purified sample is rapidly

frozen in a thin layer of ice and imaged with an electron microscope. Because individual molecules

are extremely sensitive to radiation damage, each image must be taken at very low electron doses;

the resulting dataset comprises millions of noisy, two-dimensional projection images recorded from

many random orientations. Computational algorithms then iteratively align and average these

particle images to build a three-dimensional reconstruction called a density map, which reflects the

electron scattering potential of the sample.

1.2 What Is Model Building? Why Does It Matter?

The density map is not yet a structure, but a three-dimensional grid of numbers, where each

grid point holds a value representing local density (fig. 1.1). These grid points are called voxels, an

analog to a pixel in 2D space. When turning this map into an atomic model, a builder or software

must decide where to place each amino acid, fitting the known amino acid sequence of the protein

obtained from the gene sequence into the density. This process is called model building, and the

resulting atomic model is the basis for most scientific interpretations. Accordingly, residues placed

where the density does not adequately constrain them can support conclusions about molecular

function or mechanism that the data do not justify.
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Figure 1.1: Cryo-EM density maps are arrays of voxel intensities, shown here from the whole
reconstruction of a T20S proteasome (EMD-6287) down to individual voxel values.
On the left is a three-dimensional surface rendering of a reconstructed density map at
2.8 Å global resolution with a single two-dimensional slice through the volume. In the
center, the slice is displayed as a grid of voxels, where each square is one grid point and
its brightness encodes the local density, with brighter voxels corresponding to higher
density. The dashed red box outlines a 5×5 region of voxels selected for magnification.
Right: The magnified 5×5 block is ultimately a discrete array of numbers rather than a
continuous surface. This voxel array formed the basis for all downstream calculations.
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Not all regions of this density map are of sufficient resolution for model building. Some

parts are rigid and well-ordered, and therefore produce sharp, unambiguous density. Other parts,

including flexible loops, mobile domains, or regions that are known to adopt different conformations

in different environments around the protein, all produce smeared, weak, or ambiguous density,

even when the overall map is of high quality. A model builder placing residues in these regions faces

uncertainty about whether the map encodes enough information to constrain atomic positions.

The stakes for placement are higher than they appear. In practice, most researchers who use

a deposited PDB model never inspect the underlying density to judge whether a given placement is

justified; the atomic coordinates are taken at face value,3 so a modeling error propagates silently into

every downstream interpretation of the data. Every modeled residue is a claim about the structure

of a molecule that downstream biological interpretation depends on directly, whether or not the

density supports this claim. This is especially consequential for side chains, particularly longer side

chains that can adopt several rotamers and mediate many specific contacts of a protein, where an

incorrect rotamer or identity can change the inferred hydrogen bonds, ion coordination, or interface

interactions. A common class of errors is the register shift. This occurs when the overall backbone

trace through a region of density is essentially correct, but the residue identities are systematically

offset by a few positions along the protein sequence. Register shifts in cryo-EM are one of the most

difficult problems to identify and correct because the misplaced residues can still fit reasonably

well into the density and occupy positions that appear plausible. Standard validation metrics do

not reliably flag these errors, and the resulting model reports incorrect residues at key functional

positions (i.e., active sites, ion coordination sites, and protein-protein interfaces). Therefore, a

register shift of several residues can lead to an incorrect assignment of the amino acids responsible

for a binding interaction or catalytic function, which can misdirect experiments for years. Register

shifts are not the specific error this work sets out to detect, but they illustrate the general failure
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mode it targets: density that is locally ambiguous yet plausible enough to be accepted without

challenge. There are documented instances of cryo-EM models deposited and published only for

independent groups to later find errors in them.4,5 A recent validation tool, MEDIC, reported over

100 curated, error-typed corrections across 12 deposited structures.4 Errors of this kind are therefore

not isolated exceptions, at least among structures that have been independently re-examined. In

this work, I used 2.5–4 Å as the atomic-building regime: the band that overlaps most of this

difficult range while excluding resolutions at which neither the reliability score nor Q-score retains

discriminative power.

In cryo-EM, the reported resolution of a reconstruction is a single global value that reflects

the average resolution of the entire density map. This is determined by the Fourier Shell Correla-

tion (FSC), which measures the agreement between two independently reconstructed half-maps as

a function of spatial frequency. The resolution is taken as the spatial frequency at which this corre-

lation falls below a fixed threshold, conventionally 0.143.6 Because it is a single number computed

over the entire map, it describes the average quality of the reconstruction, rather than the quality

at any given position. During post-processing, the map is typically sharpened and then low-pass

filtered to this global value; thus, the same nominal resolution is uniformly applied across the entire

map volume.

Because a single global value cannot capture how map quality varies from one region to

another, the most common assessment of local trustworthiness in the field is local resolution,7,8

which estimates the different resolution values across the map.

1.3 Existing Approaches for Map Quality Assessment

Several tools estimate local resolution by analyzing how map quality varies spatially, and

these estimates are widely used to guide sharpening9 and, most importantly, to provide model
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builders with a sense of where to trust density.10,11 Unlike global resolution, which is a single

number summarizing the overall quality of the reconstruction, local resolution estimators produce

a value for each region of the map to reflect the density detail of the area.

Four implementations are compared in this work — BlocRes, ResMap, MonoRes, and the

local-resolution estimate produced by RELION postprocessing — and each differs in the specific

algorithm used to estimate the local frequency content.10–12 BlocRes13 computes local resolution

by comparing the power spectra of overlapping sub-volumes between the two half-maps. ResMap11

uses a hypothesis-testing framework based on the local signal-to-noise ratio. MonoRes14 uses a

monogenic signal approach that avoids the need to define local sub-volumes. RELION15 derives

its estimate from the same soft-masked FSC post-processing used to determine global resolution.

Despite these algorithmic differences, all four tools answer the same question: “at each location in

the map, up to what spatial frequency does the density contain correlated signal in the half maps?”

which is the information content of the map, and these tools are well-validated for their intended

purpose: to guide local sharpening9 and to summarize overall map quality.10,11,13

The central hypothesis of this work is that local resolution is not the best tool for guiding ac-

curate atomic placement. The limitation motivating this hypothesis is that local resolution methods

measure how well the map resolves the signal, which is not necessarily correlated with the feasibility

of constraining atomic placement.8,16,17 A region may have moderate local resolution (i.e., half-maps

agree up to a certain frequency) while still containing strong local gradient features (sharp, well-

defined boundaries where density intensity changes steeply from one voxel to the next) that tightly

constrain the true atomic position. Furthermore, local resolution estimates require interpretation

from a builder and are not a straightforward set of instructions defining where an atomic model can

be reliably built. Currently, no map-only, residue-scale approach is framed around placement rather

than frequency content. Local resolution is available before a model exists and can be sampled at
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the residue scale, but it answers a different question and requires interpretation before it becomes

a placement decision, which is a particular obstacle for inexperienced structural biologists. This is

the gap that this work addresses: a map-only, pre-model metric that ranks placement difficulty at

the residue scale before any model has been built, giving builders a basis for deciding placement

confidence. The goal is to build a tool that reports per-residue placement confidence directly from

the half-maps, before any atomic model exists, and to benchmark it against local resolution as the

current standard for guiding model building.

1.4 Gradient Magnitude & the Reliability Score

To address this gap, I developed and evaluated a new metric for characterizing local map

quality. Throughout this work, the developed metric is denoted as the reliability score and is com-

puted from the half-map average (fig. 1.2). The reliability score measures the gradient magnitude

of the density, that is, how sharply the density changes across neighboring voxels as a proxy for

how well-constrained a residue position would be. Importantly, the reliability score is a real-space

quantity computed directly from the density values on the voxel grid, whereas local resolution is

derived from the Fourier shell correlation and is therefore defined in Fourier (frequency) space. The

reliability score is derived by ranking each voxel’s gradient magnitude as a percentile throughout the

map, yielding a normalized 0–1 score that is then binned into terciles (omit/caution/build) to pro-

vide builders with actionable guidance. To evaluate this approach, I compared per-residue reliability

scores against two established post-model validators, the Q-score and EMRinger, across a cohort

of deposited maps and benchmarked the reliability score against four independent local-resolution

estimators.

Because the reliability score is derived only from the half-map average with no reference to

the atomic model, there is no guarantee that it corresponds to anything that a model builder would
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recognize as easy or difficult to place after model building. To test this correspondence, I used the

Q-score, a model-to-map measure of placement confidence introduced by Pintilie et al.16 The Q-

score is computed for each atom by comparing the density values around the position of that atom

to the density expected for a well-resolved atom at that resolution, and these per-atom scores are

aggregated to yield a per-residue value. A Q-score below 0.5 is commonly used as a threshold16,18,19

to indicate a residue with low placement confidence. Because Q-scores are computed directly from

the model and map together, they are used as a cryo-EM-native measure of placement confidence

and are routinely reported in the Electron Microscopy Data Bank (EMDB) for all recently deposited

structures.

EMRinger,20 which assesses model quality from a different structural signature than the

Q-score, was used for comparison in this work. Rather than comparing the density values directly,

EMRinger scans the χ1 dihedral angle of each long side chain and asks whether the Cγ atom’s

peak density falls at one of the discrete rotameric angles that well-ordered amino acids are expected

to adopt. A side chain whose density peak falls at a non-rotameric angle is flagged as poorly

fit, independent of whether the surrounding backbone density is otherwise strong. Because the

EMRinger signal comes from the sidechain rotamer geometry rather than from a raw density-value

comparison at each atom, it captures a partially independent aspect of model-to-map agreement

from the Q-score, which is why both are reported as separate post-model comparators against the

reliability score later in this thesis.

In practical terms, the reliability score is intended to identify where model building will

be difficult; it is benchmarked against local resolution and against an established model-validation

measure (the Q-score) in the Results. Across a cohort spanning a wide range of global resolutions

and structural classes, the per-residue reliability score tracks the Q-score more closely than local

resolution does, although the size of that advantage depends on the local-resolution estimator used.
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Therefore, local resolution alone is an incomplete guide to where a builder should expect placement

to be difficult.

Figure 1.2: Overview of the reliability score pipeline. The two unsharpened half-maps were aver-
aged voxel-wise (the depositor-sharpened map was excluded), the gradient magnitude
of the averaged density was computed, ranked by percentile (0–1), and binned into ter-
ciles (omit/caution/build).

1.5 Aims of This Work

This work addresses four related questions that build on each other.

1. Which properties of the half-map average best predict the regions where a model builder will

struggle to confidently place residues?

This motivated the choice of local gradient as the core signal and was examined through

a systematic comparison of map features, including, but not limited to, local variance, gradient

magnitude, and multiscale statistics.

2. Does the local gradient and reliability score, computed without any atomic model, correlate

with the established model validation approaches derived from the final deposited model? If

so, under what conditions?

This is the primary validation question, and the answer establishes a resolution regime

consistent with the Q-score context and the structural contexts in which the reliability score is
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most useful during building (i.e., heterogeneous reconstructions for assemblies with significant local

variation).

3. How do the reliability score and local resolution each correlate with the Q-score and EMRinger

at the residue scale, and does the reliability score provide model-building guidance that local

resolution does not?

4. Do omit/caution/build zones provide actionable, ranked guidance in practice? Are omit zones

meaningful for residues that the deposited model confirms are difficult to place?

Together, these four questions define the scope of this thesis and the motivation for this work.

The framework developed to answer these questions is implemented as cryoRIDGE, a Python pack-

age that computes the reliability score and its omit/caution/build zones directly from a pair of

unsharpened half-maps. The central claim is that, within the atomic building regime, the relia-

bility score captures distinct placement-relevant signals that local resolution calculated with some

programs does not provide. The practical value of the reliability score is that it flags areas of the

map that may require more scrutiny, providing a quantitative evaluation from the half-maps alone

before any atomic model exists. By doing so, the treatment of ambiguous density becomes more

consistent across builders, replacing a judgment call that varies between individuals with a quantity

computed identically for every map.
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Chapter 2

METHODS

2.1 Data

A cohort of 71 cryo-EM half-map pairs was obtained from the EMDB. Of these, 55 entries

with deposited protein models suitable for Q-score analysis formed the analysis cohort used through-

out this thesis (Table A.1). This analysis cohort comprises a core cohort of 33 maps assembled first

and an expansion cohort of 22 maps added subsequently to broaden the range of structural classes;

the two terms are used in this sense throughout. Maps were selected to span a range of global

resolutions (approximately 2–7 Å), molecular masses, and structural classes, including membrane

proteins, soluble assemblies, and heterogeneous complexes. For each entry, both half-maps and the

deposited primary map were downloaded. Across the 55-map analysis cohort, the isotropic voxel size

ranged from 0.53 to 1.71 Å (median 1.04 Å); the production 5×5×5 window therefore corresponds

to a median physical cube of ~5.2 Å on a side (range ~2.7–8.6 Å), or ~4.7 Å on the reference map

EMD-49450 (0.930 Å/voxel). Because the window is defined in voxels rather than Å, its physical

size scales with each map’s sampling; all within-map percentile rankings remain well-defined. The

deposited contour level was used to define a binary mask distinguishing signal from solvent noise

for all downstream calculations (the sensitivity to this choice is assessed in Table ??). Per-residue

Q-scores were computed for all 55 analysis-cohort maps using the qscore Python package16 with the

deposited primary map and structure, matching the standard map-model validation practice. The

reliability score and other half-map statistics were computed on the half-map average.

The 16 entries without a deposited model suitable for Q-score analysis were validated using

the windowed half-map cross-correlation (CC; see Windowed Half-Map Cross-Correlation) only.

BlocRes local resolution estimates were computed for the 33 core-cohort maps using Bsoft blocres13
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with a box size of 15 voxels at an FSC threshold of 0.143,6 which was applied inside the depositor

contour mask. Q-scores used eight radial samples per atom, and residues were matched by the

deposited auth chain and sequence number and correlated with the reliability score at in-mask Cα

positions.

2.2 Mathematical Formulas

The half-map average is defined as: ρ = 1
2 (h1 + h2) where h1 and h2 are the two unsharp-

ened half-maps. The average is then globally z-scored over all voxels in the map box:

ρ̃ =
ρ− µρ

σρ + ε

where µρ and σρ are the mean and standard deviation of ρ over the full box, and ε guards

against division by zero. This is a single affine transform applied uniformly to every voxel, so it

rescales all gradients by a common factor and does not change within-map voxel rankings; it is

included so that the gradient magnitude is on a comparable scale across maps and to match the

analysis pipeline.

The gradient magnitude of ρ̃ is estimated at each voxel by central differences. For a voxel

at position i, j, k, the partial derivative in the x-direction is approximated as:

∂ρ

∂x
|i,j,k ≈ ρ(i+ 1, j, k)− ρ(i− 1, j, k)

2∆x

with analogous expressions in y and z, where ∆x is the voxel spacing in Å. The local gradient

magnitude is defined as half the mean squared gradient over a local 5×5×5 neighborhood:

Vi,j,k =
1

2

〈
∥∇ρ̃∥2

〉
W

=
1

2 |W |
∑

W (i,j,k)

[(
∂ρ̃

∂x

)2

+

(
∂ρ̃

∂y

)2

+

(
∂ρ̃

∂z

)2
]
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where
〈
∥∇ρ̃∥2

〉
W

denotes the mean over a 5×5×5 box W centered at (i, j, k), implemented as a

uniform box filter, and |W | = 125 is the number of voxels in the window.

Although referred to throughout as the gradient magnitude for brevity, this quantity is

a windowed mean squared gradient, that is, an energy density rather than the magnitude of a

single gradient vector. Local Dirichlet energy density is a quantity widely used in physics, image

processing, and geometric analysis to measure how rapidly a field changes over space.21 Regions with

high Dirichlet energy contain sharp spatial transitions, whereas regions with low Dirichlet energy

are smooth. The local gradient magnitude is the local Dirichlet energy density, 1
2 ∥∇ρ̃∥2, of the

normalized half-map average. Global z-scoring is a monotone transform, and squaring is monotone

on non-negative values, so both preserve the pointwise ordering of the magnitude of ∥∇ρ̃∥; after

window averaging, it tracks mean squared gradient energy.

The reliability score R is derived by ranking gradient magnitude values across all in-mask

voxels within a map and normalizing to the unit interval:

Ri,j,k =
rank (Vi,j,k)− 1

N − 1

where N is the total number of in-mask voxels and ranks are assigned in ascending order (the

lowest gradient magnitude receives rank 1). Because R is a within-map percentile of the gradient

magnitude, the monotone z-score and squaring operations leave it unchanged. Voxels are then

assigned to terciles:

Zonei,j,k =



Omit if Ri,j,k ≤ 0.33

Caution if 0.33 < Ri,j,k ≤ 0.66

Build if Ri,j,k > 0.66
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2.3 Computing the Gradient Magnitude

For each map, the half-map average ρ was computed from the two unsharpened half-maps.

The depositor-sharpened primary map was deliberately excluded from this calculation, as sharpening

choices vary across depositors and can confound the local gradient magnitude. ρ was then z-scored

over the full map box to give ρ̃. The gradient of ρ̃ was estimated by central differences (a three-

point stencil per axis), and the per-voxel squared gradient magnitude ∥∇ρ̃∥2 was averaged over

a 5×5×5 box (uniform filter) and halved to give the local gradient magnitude. The box filter

suppresses voxel-level noise in the raw gradient; the unwindowed variant (w = 1) is substantially

noisier (Table ??).

A Sobel gradient operator was tested as an alternative to central differences; the difference

in the downstream Q-score correlation was negligible at window size 5 (Table ??), and central

differences were retained as the simpler formulation. The window size was swept across a range of

neighborhood sizes (Table ??); w = 5 was near-optimal and was used throughout.

Note that two distinct length scales are involved: central differences set the differentiation

stencil (a three-point estimate per axis), while the 5×5×5 box sets the smoothing window applied

to ∥∇ρ̃∥2. These are independent and the window does not widen the gradient stencil.

2.4 Computing the Reliability Score & Terciles

Within each map, the gradient magnitude values of all in-mask voxels were ranked by per-

centile, yielding a normalized reliability score from 0 to 1 for each voxel. This percentile ranking

was computed independently per map, making the reliability score a within-map relative measure

rather than an absolute cross-map quantity. Voxels were then assigned to one of three terciles based

on their reliability score: the lowest third was labeled omit, the middle third labeled caution, and
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the highest third labeled build. The cut points are within-map quantiles of the gradient magnitude

rather than fixed gradient-magnitude values; because R is itself a within-map percentile, the zone

boundaries fall at R = 0.33 and R = 0.66 in every map regardless of that map’s absolute quality;

no absolute threshold is applied. For per-residue analysis, gradient magnitude and reliability score

values were sampled at the Cα position of each in-mask residue using a 2 Å sphere, taking the

mean value within that sphere. The 2 Å isotropic sphere was used for BlocRes aggregation, FSC-Q,

cross-metric heatmaps, and placement-utility tables. For the headline ρ(Q, reliability score) cohort

statistics, nearest-voxel sampling was used.

2.5 Spearman’s Rank Correlation Coefficient (ρ)

Throughout this thesis, the Spearman rank correlation coefficient (ρ) was used to measure

the association between two variables.22 Unlike the Pearson correlation, which assumes a linear

relationship and is sensitive to outliers, Spearman’s ρ measures monotonic relationships (that is,

whether one variable tends to increase as the other increases, or to decrease as the other increases),

regardless of whether that relationship is linear. This was done by replacing the raw values with

their ranks and computing the correlation between the ranks. Note that ρ denotes the Spearman

coefficient throughout; the same symbol is conventionally used for electron density, which in this

work appears only with an explicit spatial argument or with an overbar denoting the half-map

average.

ρ = 1−
6
∑n

i=1 d
2
i

n (n2 − 1)

where di is the difference between the ranks of paired observations xi and yi. A coefficient

of +1 indicates a perfect positive association of ranks, meaning every increase in one variable cor-

responds to an increase in the other; a coefficient of –1 indicates a perfect negative association. In
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practice, a coefficient of 0.1–0.3 is considered weak, meaning the variables are barely associated and

neither can be reliably predicted from the other. A coefficient of 0.3–0.7 is considered moderate,

indicating a real but partial association in which one variable constrains the other without determin-

ing it; a coefficient of 0.7–0.9 is considered strong, indicating a highly reliable trend. Correlations

in the moderate band are routinely treated as substantive findings in other quantitative fields; one

published example outside structural biology, a study of upward lightning propagation and peak

stroke current, reported a coefficient of 0.64.23 Spearman’s ρ is used throughout this work rather

than Pearson’s because the relationship between the reliability score and placement metrics such as

Q-scores is not assumed to be linear,19 and the per-residue distributions of both quantities contain

outliers that would distort a Pearson estimate.

2.6 Validation Against Q-Scores

Per-residue reliability score values were correlated against the per-residue Q-scores computed

with the qscore package (see Data) using Spearman’s rank correlation coefficient (ρ), computed

independently for each map. Cohort-level summaries report the median ρ across all maps with finite

correlation values. Resolution sensitivity was assessed by binning maps by global FSC resolution and

computing median ρ(Q, reliability score) within each bin; a 0.5 Å sweep was additionally performed

to identify the empirical resolution ceiling. All Q-score correlations are reported at in-mask Cα

positions only.

2.7 Validation Against EMRinger

Per-residue EMRinger scores were computed for each cohort map with a deposited atomic

model using Phenix 2.0, run on the deposited primary map and coordinates. Because EMRinger

evaluates only residues carrying a γ-carbon on the χ1 dihedral, the per-map residue set is smaller
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than that for the Q-score. EMRinger values were matched to reliability score values at the same

in-mask Cα positions and correlated by Spearman ρ independently for each map, with cohort-level

summaries reported as the median ρ across the maps returning a finite value. For the ROC analyses,

the low-EMRinger positive class was defined by a within-map median split rather than an absolute

cutoff, because EMRinger scores are not calibrated to a fixed interpretive threshold in the way that

Q < 0.5 is.

2.8 Comparison Against MEDIC Coordinate Corrections

Residue-level coordinate corrections published by the MEDIC study were used as an inde-

pendent, model-based validation set. The deposited maps and half-maps for the entries analyzed in

this work were downloaded from the EMDB, and the reliability score and its terciles were computed

from the half-maps alone, without reference to the deposited coordinates, MEDIC outputs, or any

Q-score. Corrected residues were then matched to reliability score values at their Cα positions by

author residue numbering. Two blocks were analyzed. The first compares deposited low-resolution

models against independent high-resolution re-determinations, a residue being counted as corrected

when its Cα shift exceeds 1 Å after alignment; the second compares deposited structures against

the MEDIC-rebuilt versions of the same entries. In both blocks, enrichment is then tested within

the reliability-score zones computed on the low-resolution map. Two further Block 1 pairs were

excluded as incompatible. Enrichment was quantified as the odds ratio for a corrected residue

falling in the omit tercile versus elsewhere; because residues within a map are not independent,

cluster-robust confidence intervals with the map as the clustering unit are reported alongside the

unadjusted odds ratio. Discrimination on the continuous score was summarized as the per-map

ROC AUC for ranking corrected against uncorrected residues and reported as a cohort median.
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2.9 Comparison With Local Resolution

To compare the success of the reliability score and local resolution, Spearman ρ(reliability

score, locres) was computed per residue for each map and for each of the four programs and was

summarized as a cohort median. The association between each local-resolution estimator and the

post-model validators was assessed in the same way, computing ρ(Q, locres) and ρ(EMRinger,

locres) per residue and taking cohort medians. Because the local resolution is reported in Å,

where a lower value is better, these correlations are sign-aligned (multiplied by –1) wherever they

are displayed alongside the reliability score, so that a higher correlation always indicates a closer

agreement between the local resolution and the validator. The raw, unaligned values are reported

in the Appendix.

Four local-resolution (locres) estimators were used for comparison: BlocRes (Bsoft), ResMap,

RELION, and MonoRes. Each was run on the same unsharpened half-map pairs inside the depositor

contour mask and produced a per-voxel resolution field in Å, which was sampled at in-mask Cα

positions using the same 2 Å sphere applied to the reliability scores. BlocRes parameters are given

in Data. Local-resolution volumes were produced using RELION 4.0 postprocessing. ResMap 1.1.5

was run using a patched headless fork (sarthaktexas/resmap-headless, commit 3173de0, derived

from kuixu/ResMap) with compatibility fixes for Python 3.9+ and NumPy 1.24+. MonoRes was

run using Xmipp 6.0.0 on a local workstation. Coverage differed among programs, and two distinct

counts are reported. The first is the number of maps for which a program produced a usable per-

voxel volume: BlocRes 33, MonoRes 31, ResMap 53 (EMD-11638 and EMD-52525 produced flat or

empty outputs), and RELION 54. The second is the number of maps yielding a finite Spearman

ρ(Q, locres) at in-mask Cα positions, which is the n reported alongside every cohort-median cor-

relation: 47 for ResMap, 54 for RELION, 33 for BlocRes, and 28 for MonoRes. The six-map gap
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for ResMap comprises entries on which ResMap ran successfully, but for which the residue-level Q

correlation is undefined; the two counts are not strict subsets of one another, since one map with

an unusable flat field still returns a finite correlation. Paired tests use whichever subset has both

quantities finite, which is often 47 and sometimes smaller.

2.10 Receiver Operating Characteristic Curves & Area Under the Curve

To assess whether the reliability score can correctly identify hard-to-place residues, I used

receiver operating characteristic (ROC) analysis.24 A ROC curve is constructed by varying the

decision threshold across all possible values of a continuous predictor (the reliability score), and

at each threshold, two quantities are computed: the true positive rate (the fraction of genuinely

hard-to-place residues, defined as Q < 0.5,15 that the predictor correctly flags) and the false positive

rate (the fraction of easy-to-place residues incorrectly flagged).

AUC = P (s (rhard) > s (reasy))

where rhard and reasy are a randomly drawn Q<0.5 and Q≥0.5 residue, and s(·) is the

predictor score. Plotting these two rates against each other across all thresholds produces a curve; a

perfect predictor produces a curve hugging the top-left corner of the plot, flagging all hard-to-place

residues before flagging any easy ones, while a predictor no better than random chance produces

a diagonal line (i.e., a straight diagonal from (0,0) to (1,1)). The Area Under the Curve (AUC)

summarizes this curve as a single number between 0 and 1: an AUC of 0.5 corresponds to random

chance, an AUC below 0.5 indicates a predictor that is systematically anti-correlated with the

outcome (and would perform better than chance if its sign were reversed), and an AUC of 1.0

corresponds to perfect discrimination. In this thesis, AUC is computed per map and summarized

as a cohort median, and the reliability score is compared directly to ResMap local resolution as
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an alternative predictor on the same structures. The primary head-to-head comparison scores both

predictors continuously; median-split ResMap flags and the wider-cohort continuous comparison are

reported as secondary context. The corresponding values are given in the Results.

2.11 Statistical Testing and Uncertainty

Because per-residue observations within a map are not independent, all significance testing

was performed at the level of one summary value per map, never pooling residue-level observations

across maps, which would pseudo-replicate the sample and inflate the apparent significance. Paired

comparisons between two predictors (for example, reliability score versus a local-resolution com-

parator on the same maps) used the Wilcoxon signed-rank test on the per-map paired differences,

testing whether the median paired difference exceeded zero. Uncertainty on medians and paired

differences was estimated by percentile bootstrap resampling of maps (5,000 resamples). Effect sizes

for paired comparisons are reported as Cohen’s dz, which is the mean paired difference divided by

the standard deviation of the paired differences across maps.

The Wilcoxon signed-rank test was used to evaluate this null hypothesis nonparametrically:

for each map, the paired difference (e.g., AUC(reliability score) – AUC(ResMap)) was computed,

the absolute values of these differences were ranked, and the ranks were summed separately for the

positive and negative differences. Because the paired differences cannot be assumed to be normally

distributed, a test operating on ranks rather than raw values was appropriate given the modest

and variable cohort sizes involved. Comparisons where a directional hypothesis was specified in

advance, that is, the reliability score was expected to outperform rather than merely differ from

a given comparator, were reported as one-sided p-values, noted explicitly wherever they apply; a

one-sided p-value is half the corresponding two-sided value for the same data, so the two should not

be compared directly.
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A statistically significant difference does not, on its own, indicate how large that difference

is: with enough maps, even a negligible average gap can be significant. Cohen’s dz addresses

this by expressing the mean paired difference in units of its own standard deviation across maps,

making it comparable across metrics with different scales (AUC, correlation, and balanced accuracy).

Following standard conventions, dz ≈ 0.2 is considered a small effect, 0.5 a medium effect, and 0.8

or above a large effect; effects below roughly 0.2 are treated as negligible in this thesis regardless of

whether the associated p-value is small.

2.12 Operational Placement Utility

To test whether the reliability score provides useful guidance before a model exists, three

analyses were performed. The continuous measures are computed on all 55 maps with a finite ρ(Q,

reliability score) wherever the comparator allows; the operational enrichment and rank-recovery

tables are computed on the 33-map core cohort, and head-to-head comparisons that require BlocRes

are restricted to the core and intersection panels of 33 and 31 maps. First, the fraction of hard-

to-place residues (Q < 0.5) falling in the omit zone was computed per map and compared to the

background fraction of low-Q residues across all in-mask Cα positions. If the omit zone captures

hard-to-place residues at a higher rate than the background, it is enriched for placement difficulty.

Second, ROC curves and AUC were computed as described above, with local resolution included as

a direct comparator on the same structures. Third, rank recovery was assessed by asking whether

residues ranked lowest by reliability score were also ranked lowest by Q-score. This tested whether

the ordering of placement difficulty is correct even without applying any threshold. All three

analyses were computed per map and summarized as cohort medians.

20



2.13 Leave-One-Map-Out Cross-Validation

To assess whether the reliability score’s placement utility generalizes to unseen maps rather

than reflecting properties specific to the training cohort, a leave-one-map-out (LOMO) cross-validation

procedure was applied. In each fold, one map was held out as the test case, while the remaining maps

were used to establish any cross-map quantity entering the comparison, including the training-fold

median used for the binary split variant; the tercile boundaries themselves are within-map percentiles

and require no training data. The procedure was iterated once per cohort map: the held-out map

contributed no residues to any quantity estimated on the training folds, its reliability score was

recomputed from its own half-maps, and its residues were scored using thresholds derived only from

the other maps. Two families of statistics were recorded for each fold. The first treats the reliability

score as a continuous predictor, computing the area under the ROC curve for classifying Q < 0.5,

together with the Spearman correlation between the score and Q-score at in-mask Cα positions.

The second converts the score to a discrete flag, either the omit tercile or a below-training-median

split and computes the balanced accuracy against the same Q < 0.5 label. Balanced accuracy is

defined as BA = 1
2

(
TP

TP+FN + TN
TN+FP

)
. Both are reported because they disagree in an informative

way, as described in the Results section. In practice, because the tercile boundaries are fixed at

the 33rd and 66th percentiles of the within-map reliability score distribution rather than fit to any

cross-map training data, LOMO tests the generalization of the operational thresholds rather than

overfitting of learned parameters. For each held-out map, the AUC was computed independently

using the reliability score as the continuous predictor and Q < 0.5 as the positive class, exactly

as in the non-cross-validated analysis. Rank recovery was similarly computed per held-out map

as Spearman ρ between the reliability score and Q-score at in-mask Cα positions. The held-out

AUC and rank-recovery distributions are reported on the panel on which each comparison is defined
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rather than on the full cohort: the continuous reliability score against ResMap on 32 maps (EMD-

52525 is skipped for sparse ResMap coverage), the training-fold median split on the same 32 maps,

the multi-estimator comparison on the 27-map subset described below, and the semi-prospective

omit-zone analysis on the 33-map core cohort. Each summarizes how consistently the reliability

score discriminates hard-to-place residues on maps that have not been tuned. Local resolution was

evaluated under the same LOMO procedure for direct comparison, using the within-map median

local-resolution value as the classification threshold in each fold. To avoid resting the comparison on

a single estimator, this was repeated for BlocRes, ResMap, and MonoRes on the subset of 26 maps

for which all three estimators returned complete per-voxel volumes. Maps with missing ResMap or

MonoRes coverage were excluded from this subset rather than being carried forward with partial

data.

2.14 Windowed Half-Map Cross-Correlation

The windowed half-map cross-correlation (CC), r, is a local reproducibility proxy computed

at each voxel by measuring the Pearson correlation between the two half-map density values across

a 5×5×5 cubic neighborhood. For each voxel at position (i, j, k), local means, variances, and the

cross-moment are estimated via uniform filtering over the 125-voxel window:

µh1 = ⟨h1⟩w , µh2 = ⟨h2⟩w

σ2
h1

=
〈
h21

〉
w
− µ2

h1
, σ2

h2
=

〈
h22

〉
w
− µ2

h2

cov (h1, h2) = ⟨h1h2⟩w − µh1µh2

The windowed half-map cross-correlation at each voxel is then expressed as:
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ri,j,k =
cov (h1, h2)√

σ2
h1

· σ2
h2

where ⟨·⟩w denotes the local mean over the 5×5×5 window centered at (i, j, k), implemented

via scipy.ndimage.uniform_filter with mode="nearest". The raw half-map amplitudes are used

without normalization. At in-mask Cα positions, r is point-sampled at the nearest voxel with no

additional sphere averaging.

This quantity is distinct from BlocRes local resolution and from FSC-based estimators: it

is a sliding-window reproducibility proxy that measures local half-map agreement at the density

amplitude level rather than in frequency space. It is also distinct from the reliability score, which

is computed on the windowed squared gradient of the z-scored half-map average rather than the

correlation between the two half-maps directly. Both the reliability score and the windowed half-

map CC use the same 5×5×5 smoothing scale, but they measure different physical properties of the

density. The reliability score measures how much the average density changes across space, while r

measures how consistently the two half-maps agree on density values within a local neighborhood.

The real-space Pearson formulation follows the CC definition used in VESPER for map comparison

tasks,25 applied here between half-maps rather than between two independent maps.

Three alternative formulations were considered and rejected. First, windowed Fourier shell

correlation (the approach used by BlocRes and RELION)13 was not used because a 5×5×5 window

of 125 voxels was too small for meaningful Fourier decomposition. The frequency resolution is in-

sufficient at this scale, and the resulting local FSC estimates are noisy and resolution-dependent,

complicating their interpretation as a simple reproducibility proxy. Second, the cosine similarity

between local half-map windows (used as a real-space FSC analog in recent robust resolution esti-

mation work)12 was considered but not adopted because it is sensitive to the relative magnitudes of

the half-map amplitudes in ways that Pearson’s CC, which normalizes by local variance, is not; since
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the two half-maps may differ in overall amplitude due to reconstruction-specific scaling, Pearson’s

CC is the more robust choice for cross-map reproducibility measurement. Third, the global CC used

in map-model validation tools such as phenix.map_model_cc17 was not applicable here because it

collapses spatial variation into a single number and cannot produce the per-voxel reproducibility

map needed for residue-level comparison with the reliability score. Therefore, the windowed real-

space Pearson CC is an appropriate choice for this work: it is locally defined, amplitude-normalized,

computationally manageable at a 5×5×5 scale, and directly comparable to the reliability score at

the same spatial resolution.

One important distinction from local resolution estimators is that the windowed half-map

CC is not a resolution estimate and should not be interpreted as one. It measures whether the two

half-maps agree on density values within a local neighborhood, which is a necessary but not sufficient

condition for high local resolution. A region can have high CC (both half-maps agree on a smooth,

featureless density) while still being at a low effective resolution. This is the exact distinction that

motivates the axis-separation argument of this thesis. The windowed half-map CC is included as a

comparator to test how much of the placement axis a reproducibility proxy computed in real space

can recover; as reported in the Results, it recovers most of it, and that result is itself informative

about what the placement signal consists of (see Discussion, What the Reliability Score Does &

Does Not Offer).

2.15 Software & Reproducibility

All analyses were implemented in Python as the cryoridge package, published on the Python

Package Index and installable with pip install cryoridge. Data and outputs are archived at Zen-

odo (10.5281/zenodo.20618526). The full reproduction commands are provided in the Appendix

(Software & Reproducibility).
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Chapter 3

RESULTS

3.1 The Reliability Score Correlates With Q-Score Across a Diverse Cohort

Figure 3.1: The proposed reliability score outperforms local resolution as a predictor of per-residue
model placement confidence in EMD-48923, a strong, illustrative example. Each point
represents a residue, with the Q-score (a model-to-map measure of placement confi-
dence) on the y-axis. (a–c) Q-score versus three local-resolution estimators: ResMap
(Spearman ρ = –0.82), RELION (ρ = –0.80), and MonoRes (ρ = –0.39), the last of
which is only weakly related to the Q-score. (D) Q-score versus the reliability score
(percentile rank of V), where the relationship is stronger than for any of the three local-
resolution estimators (ρ = +0.84). Red points mark residues flagged as hard to place,
and the reliability score tracks placement confidence more closely than local resolution
does.

To assess how well the reliability score generalizes across cryo-EM maps, the per-residue

reliability score was correlated with the Q-score. The Q-score is a post-model validator (map–

model agreement), and the reliability score is computed from the half-map averaged density only

and does not use the deposited coordinates. The test of agreement is whether map-only sharpness

ranks placement difficulty similarly to atom-level resolvability measured after building. fig. 3.1

illustrates this comparison in a single map: in EMD-48923, the reliability score tracks the Q-

score more closely (ρ = +0.84) than any of the three local resolution estimators, the strongest

of which is ResMap at ρ = –0.82. Across 55 maps with finite per-residue ρ(Q, reliability score),

the score showed a predominantly positive Spearman correlation with the Q-score at the in-mask
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Cα positions. The cohort-median ρ(Q, reliability score) was +0.53, indicating a moderate positive

association between the pre-model gradient magnitude and post-model placement confidence across

structures spanning a wide range of resolutions, sizes, and structural classes. This correlation was

not uniform across the cohort; the per-map ρ(Q, reliability score) ranged from slightly negative

to +0.89 (Table 3.1) and was strongly modulated by global resolution, following a graded pattern

rather than a single cutoff. Maps at or below 2.5 Å showed the strongest association (n = 6, median

ρ ≈ 0.71); the 2.5–4 Å atomic-building regime, which is the primary focus of this thesis, showed

the main reported association (n = 42 maps with a finite ρ in this band, median ρ(Q, reliability

score) = +0.54), and MgtA (EMD-49450, 2.73 Å), a P-type ATPase magnesium transporter used

throughout this thesis as the reference map for single-map illustrations, achieved ρ = +0.82, which

may reflect MgtA combining rigid transmembrane helices with more mobile cytoplasmic domains.26

This is the regime where placement confidence varies sharply from residue to residue and where a

map-only predictor offers the most to a builder. Maps in the 4–6 Å range showed a substantially

weaker, more heterogeneous but still positive association (n = 5, median ρ ≈ 0.29), and above

approximately 6 Å, the correlation was not supported by the available data (n = 2, median ρ ≈

0.02). This falloff reflects the progressive loss of side-chain density, and at coarser resolution even

backbone features become unresolved: the local gradient contrast between well- and poorly ordered

residues compresses toward the noise floor, and the reliability score loses the structural signal on

which it depends (fig. 3.2). There is no established target value for this correlation, and ρ = +1.0 is

not the goal: the reliability score is computed without any model, while the Q-score depends on the

modeled coordinates; therefore, the two cannot be expected to agree perfectly, even where the map

is unambiguous. The meaningful benchmark is comparative: whether the reliability score ranks

placement difficulty better than the alternatives available to a builder before any model exists.
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Figure 3.2: Resolution sensitivity of ρ(Q, reliability score) across the cohort. (A) Median ρ(Q,
reliability score) binned by global resolution, (B) 0.5 Å sweep of median ρ(Q, reliability
score) from 2–6 Å, and (C) Cumulative comparison of maps at or below versus above
each resolution ceiling of 4 Å.

FSC-Q27 represents a hybrid approach that combines local resolution estimation with model-

to-map agreement and produces a per-residue score that compares the local FSC with the fit of the

atomic model at that position. Similar to Q-scores, FSC-Q requires a fitted atomic model and is

therefore a post-building validation tool rather than a pre-model guide for building atomic models. I

examined FSC-Q as an additional comparison point on a subset of maps and found that FSC-Q and

the reliability score were only weakly correlated (cohort-median ρ ≈ +0.05; Table ??), consistent

with the two metrics measuring largely independent quantities. The key distinction between FSC-Q

and the approach in this thesis is the same as that for Q-scores: FSC-Q is available only after a

model has been built, whereas the reliability score is available beforehand. Independently of this

comparison, the scope of the reliability score as a placement-confidence metric is the atomic-building

resolution regime, where model-building decisions are both the most consequential and least visually

obvious from the map alone.
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Table 3.1: Per-map Spearman correlation between Q-score and each map-only or local-resolution predictor across the 55-map analysis
cohort

EMDB Protein Res (Å) n (Cα) Reliability ResMap RELION BlocRes MonoRes

EMD-11638 Apoferritin 1.22 160 +0.40 +0.00 — +0.13 —
EMD-61596 HSV-2 gB (+Fab16F9) 2.18 798 +0.68 +0.68 +0.56 +0.21 —
EMD-50549 Aerolysin WT in SMALP 2.20 2781 +0.74 +0.59 +0.64 — —
EMD-47552 YnaI mechanosensitive

channel (DDPC nanodisc)
2.30 2270 +0.83 +0.83 +0.86 — —

EMD-24120 70S pre-translocation (E.
coli)

2.33 5405 –0.08 –0.09 –0.14 –0.03 —

EMD-51569 Human muscle nAChR in
nanodisc

2.48 2364 +0.88 +0.84 +0.79 — —

EMD-52525 Complex III
(mitochondrial)

2.52 437 +0.46 — +0.11 +0.09 +0.09

EMD-37504 GLP-1R + Gs (ligand-free) 2.54 1027 +0.69 +0.36 +0.52 +0.27 +0.33
EMD-51902 Human myoferlin in

nanodisc
2.56 1309 –0.06 –0.09 +0.04 — —

EMD-71338 Human 80S hibernating
class4

2.57 13006 +0.88 +0.86 +0.80 — —

EMD-48923 MgtA (E2.Mg.BeF3) 2.59 1674 +0.84 +0.82 +0.80 +0.47 +0.39
EMD-71435 Human 80S + EBP1 in situ 2.67 12294 +0.88 +0.87 +0.82 — —
EMD-41596 MsbA outward-facing 2.68 1069 +0.54 +0.09 +0.43 +0.16 +0.13
EMD-29275 Human pre-60S state L1

composite
2.70 7086 +0.41 — +0.42 — —

EMD-49450 MgtA (E2P+E1) 2.73 2928 +0.82 +0.82 +0.79 +0.44 +0.12
EMD-62841 Thermophile spliceosome

ILS
2.80 12074 +0.89 +0.89 +0.90 +0.54 +0.58

EMD-71331 Human 80S P-E in situ 2.80 11577 +0.81 +0.80 +0.74 — —
EMD-6287 T20S proteasome 2.80 5768 +0.64 +0.26 +0.37 +0.19 +0.41
EMD-51377 Human SLC45A4 in

detergent
2.80 259 +0.07 +0.02 +0.16 — —

EMD-25418 70S post-translocation (E.
coli)

2.90 5835 +0.69 +0.62 +0.57 +0.15 +0.15

EMD-29262 Human pre-60S state G
composite

2.90 6081 +0.49 — +0.51 — —

EMD-41756 LRRK2 CTD (+GZD824) 2.90 760 +0.67 +0.61 +0.40 +0.19 –0.03
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EMDB Protein Res (Å) n (Cα) Reliability ResMap RELION BlocRes MonoRes

EMD-39332 Human 20S proteasome
assembly intermediate

2.91 3485 +0.51 — +0.37 — —

EMD-53474 Human NTCP in nanodisc 3.00 636 +0.38 +0.36 +0.15 — —
EMD-44471 Human nucleosome 3.0 Å 3.00 729 +0.41 +0.39 +0.30 +0.06 –0.01
EMD-53483 Rat SLCO2A1 in

detergent-lipid micelle
3.00 428 –0.14 –0.18 –0.21 — —

EMD-54253 70S + EF-G hybrid H1 3.00 6558 +0.68 +0.65 +0.56 — —
EMD-48534 MgtA (E2P.Mg) 3.07 864 +0.72 +0.71 +0.63 +0.05 +0.47
EMD-33734 SARS-CoV-2 spike K202B

bispecific
3.10 3449 +0.83 –0.02 +0.76 +0.25 +0.18

EMD-51351 70S + SaEF-G POST 3.20 5790 +0.76 +0.81 +0.70 — —
EMD-19872 Integrator INTS5/8/15 3.20 1262 +0.37 — +0.40 — —
EMD-42603 Human p97/VCP +

inhibitor
3.23 4012 +0.55 +0.45 +0.43 +0.04 +0.15

EMD-16091 Beta-galactosidase (5 ms
time-resolved)

3.30 3824 +0.44 +0.36 +0.27 +0.20 +0.01

EMD-16119 GroEL-GroES ADP
(turnover)

3.40 7780 +0.84 +0.09 +0.76 +0.35 +0.49

EMD-13308 GroEL-GroES ADP (tight) 3.43 6438 +0.46 +0.67 +0.61 +0.20 +0.18
EMD-11497 SARS-CoV-2 spike 3

RBD-down
3.50 2765 +0.76 +0.74 +0.65 +0.30 +0.46

EMD-64133 26S proteasome-Midnolin
MB state

3.50 9871 –0.00 –0.01 +0.02 — —

EMD-45604 beta2AR inactive
(carazolol)

3.50 876 +0.24 +0.36 +0.37 +0.06 –0.02

EMD-41598 MsbA inward-facing 3.60 942 +0.35 +0.30 +0.28 +0.08 +0.25
EMD-74099 Human U2/BP spliceosome

SF3A
3.61 1750 +0.53 +0.48 +0.49 — —

EMD-11149 Bovine ATP synthase Fo 3.61 60 +0.11 +0.08 +0.03 +0.07 +0.11
EMD-23130 TRPV1 pH 6c 3.66 1808 +0.53 +0.59 +0.59 +0.19 +0.11
EMD-48311 Yeast V-ATPase Vo 3.70 2983 +0.70 +0.76 +0.45 +0.09 +0.03
EMD-23129 TRPV1 pH 6a 3.70 2058 +0.67 +0.67 +0.61 –0.09 +0.12
EMD-28487 Eag1 voltage sensor up 3.90 2959 +0.59 +0.59 +0.46 +0.26 +0.19
EMD-18839 Integrator cleavage module

intermediate
3.90 1685 +0.50 — +0.49 — —

EMD-7130 Epithelial Na+ channel
(ENaC)

3.90 1195 +0.08 +0.03 –0.16 +0.07 —
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EMDB Protein Res (Å) n (Cα) Reliability ResMap RELION BlocRes MonoRes

EMD-45603 beta2AR apo 3.95 855 +0.15 +0.14 +0.10 +0.02 –0.04
EMD-50267 Integrator arm module

state 1
4.00 1712 +0.80 — +0.77 — —

EMD-4941 ClpB WT-2A
(ATPgammaS)

4.00 2706 +0.34 +0.32 +0.31 +0.10 +0.25

EMD-41042 S. enterica WbaP in
SMALP

4.10 410 –0.00 — +0.08 — —

EMD-64103 26S proteasome-Midnolin
MA state

4.32 10652 +0.29 +0.09 +0.48 — —

EMD-28498 Eag1 voltage sensor down 5.40 3117 +0.01 –0.01 +0.00 +0.02 +0.03
EMD-4940 ClpB WT-1 (ATPgammaS) 6.20 4052 +0.02 –0.02 –0.01 –0.02 –0.03
EMD-9156 NMDA GluN1-GluN2A

Extended-1
6.84 2285 +0.03 +0.00 +0.00 +0.01 —
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Maps are ordered by global resolution. The five predictor columns provide the per-map

Spearman ρ between the predictor and Q-score. Local-resolution correlations are sign-aligned (raw

ρ multiplied by –1) so that a positive value always indicates worse local quality co-varies with lower

Q-scores, making them directly comparable to the reliability score column. A shaded cell with an

em dash indicates that the program produced no usable output for that map. The cohort medians

were +0.53 for the reliability score (n = 55), +0.46 for RELION (n = 54), +0.39 for ResMap (n =

47), +0.14 for BlocRes (n = 33), and +0.14 for MonoRes (n = 28).

Figure 3.3: Cohort cross-metric and validation summary. (A) Median within-map Spearman ρ be-
tween the map-only predictors (upper triangle; diagonal omitted). For each map, ρ was
computed over in-mask residues with ≥30 finite pairs; the heatmap shows the cohort
median across maps. Half-map CC is a real-space statistic: the Pearson correlation be-
tween the two independent half-maps within the same 5×5×5 voxel neighborhood used
for the reliability score; higher values indicate locally reproducible density. Local reso-
lution values are in raw Å (higher = worse). (B) Median per-map Spearman ρ between
map-only predictors and post-model validators. Locres columns are sign-aligned (raw ρ
multiplied by –1 so positive values mean worse local resolution co-varies with lower Q)
so positive cells mean worse resolution co-varies with lower Q-score/EMRinger. (C)
Median per-map ROC AUC for classifying low Q-score (Q < 0.5) and low EMRinger
(below the in-map median) from each predictor score.

The relationship between the reliability score and local resolution, the pre-model metric it

most closely resembles, depends on the estimator used.12 To determine whether the reliability score

and local resolution captured the same atomic placement information, I compared their per-residue

correlations with the Q-score and with each other across the cohort. The cross-metric heatmap
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(fig. 3.3A) summarizes the within-map Spearman ρ between the map-only predictors at in-mask Cα

positions. For each deposited structure, ρ was computed over residues with ≥30 finite pairs, and the

cohort median was taken for each predictor pair. In panel A, the reliability score correlated strongly

with the windowed half-map cross-correlation (CC; Pearson correlation of the two half-maps inside

the same 5×5×5 neighborhood; +0.84) and local variance (variance of the half-map average in

that neighborhood; +0.91), both computed over the same sliding window as the reliability score

(Methods). These are real-space statistics that, like reliability scores, are sensitive to local density

contrast. The reliability score was only weakly related to BlocRes (median ρ = –0.19, n = 33) and

MonoRes (–0.23), but strongly related to RELION (–0.73, n = 54) and ResMap (–0.86, n = 47);

all values are raw Å, so negative ρ means a higher reliability score co-varies with better resolution.

fig. 3.3B shows whether each predictor tracked the deposited model validation scores. Each

cell is again a cohort median of per-map ρ; BlocRes, ResMap, RELION, and MonoRes local reso-

lution are sign-aligned (multiplied by –1) so that positive ρ indicates worse Å resolution co-varies

with lower Q-score or EMRinger. The reliability score was the strongest pre-model tracker of both

validators (ρ = +0.53 vs. Q-score, n = 55; +0.62 vs. EMRinger, n = 53), but the estimators

differed widely among themselves: RELION (+0.46 vs. Q-score, n = 54) and ResMap (+0.39, n

= 47) tracked Q-score substantially better than BlocRes (+0.14, n = 33) or MonoRes (+0.14, n =

28). On the 31 maps for which BlocRes, ResMap, and RELION were all computed, the reliability

score exceeded every estimator by paired Wilcoxon test (all p < 0.001), but the effect sizes were un-

even: the median gain was +0.35 over BlocRes, +0.09 over RELION, and only +0.02 over ResMap.

Therefore, the reliability score’s advantage over the best-performing estimators is real but small.

The margin over ResMap was statistically supported (n = 47 maps, paired Wilcoxon p = 0.0022,

Cohen’s dz = 0.33; bootstrap CIs for both correlations in Table ??).
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fig. 3.3C shows the same separation in the ROC space, with a median per-map AUC for

classifying Q < 0.5 of 0.82 for the continuous reliability score against 0.75 for continuous ResMap Å

across every map in the analysis cohort returning a finite ResMap AUC (n = 53 of 55; EMD-11638

and EMD-52525 return none). The same ordering holds on the narrower paired panel, where both

predictors return a value on all 31 maps: 0.82 against 0.71 (Table ??). Restricting ResMap to the

maps on which it produced a usable per-voxel volume narrows the margin further, to 0.82 for the

reliability score (n = 54 of 55, all except EMD-11638, apoferritin at 1.22 Å, which has no Q < 0.5

residues and therefore no defined AUC) against 0.80 for continuous ResMap (n = 46); this 46-map

subset and the 53-map finite-AUC set are not nested, so the two denominators should not be read

as one containing the other. Within the 53-map finite-AUC set, the ordering is stable across cohort

tiers (core cohort 0.82 versus 0.71, n = 32 and 31, respectively; expansion cohort 0.81 versus 0.76,

n = 22), but the cohort-level advantage over ResMap is small.

The spread among the local resolution estimators is informative. All four programs answered

the same nominal question — up to what spatial frequency do the half-maps agree at each location —

yet they differed by a factor of three in how well that answer predicted the model quality. RELION

and ResMap tracked the Q-score and EMRinger well, whereas BlocRes and MonoRes tracked them

weakly. The programs differed in how they defined the local neighborhood over which agreement was

assessed, whether that neighborhood was fixed or adaptive, and how the local signal was separated

from noise; these implementation choices evidently mattered more for placement guidance than their

shared Fourier-space framing would suggest. Several differences are plausible. BlocRes13 computes

a local FSC inside a moving cube whose size is a free user parameter; therefore, its estimate is

averaged over a fixed spatial support that is coarse relative to a single residue. MonoRes14 compares

the amplitude of a monogenic signal against a noise distribution estimated outside the mask, which

does not adapt to variations within compositionally heterogeneous particles. ResMap11 instead asks,
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voxel by voxel, whether a sinusoid of a given wavelength is detectable above local noise, whereas

RELION15 applies the same soft-masked post-processing used for global FSC. Notably, the split

does not follow the Fourier-versus-statistical divide: RELION is FSC-based and ResMap is not,

yet both track model quality well, while BlocRes and MonoRes track it weakly despite sitting on

opposite sides of that divide. Therefore, the effective spatial support of the estimate and choice

of noise reference appear to matter more than the underlying signal model. This is offered as an

interpretation rather than a demonstrated mechanism because the cohort was not designed to isolate

these factors.

The reliability score outperformed even the best-performing local-resolution estimator against

both post-model validators, although by a small margin against ResMap and RELION. The reliabil-

ity score was computed the same way for every map, requiring only the two unsharpened half-maps

and returning a value for all 55 maps in the cohort. Given the large variability between local-

resolution programs and the practical difficulty of running some of them to completion, the value

of the reliability score lies less in measuring something orthogonal to local resolution and more in

providing a single consistent, model-free quantity that is directly relevant to placement.

3.2 The Reliability Score Provides Actionable Placement Guidance

To test whether the reliability score provides useful guidance before a model exists, I evalu-

ated it using three operational measures: how well the omit zone concentrates hard-to-place residues

(enrichment), how well the continuous score ranks them (classification accuracy, ROC/AUC), and

rank recovery. I classified residues as “hard-to-place” using a Q-score threshold of 0.5, the same

cutoff used throughout this work, below which atom-level model–map agreement is generally con-

sidered poor.16 The reliability score ranks the hard-to-place residues well. On the 31-map panel

where BlocRes, ResMap, and RELION were all available, the median per-map AUC for classifying
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low-Q residues (Q < 0.5) was 0.82 for the continuous reliability score against 0.71 for continuous

ResMap Å, with windowed half-map CC at 0.78; on the subset with usable ResMap coverage the

two are closer, 0.82 for the reliability score (n = 54) against 0.80 for ResMap (n = 46) (Table ??).

In practical terms, an AUC of 0.82 means that given one low-confidence and one high-confidence

residue drawn randomly from a map, the reliability score ranks the low-confidence residue as worse

approximately 82% of the time, compared with approximately 71% for ResMap. Applying the same

binary rule to both predictors instead — the omit tercile against a ResMap median split — gives 0.79

for the reliability score against 0.73 for ResMap on the same 31 maps. The continuous comparison is

statistically supported: across those same 31 maps, the continuous reliability score’s per-map AUC

exceeds continuous ResMap under a paired Wilcoxon signed-rank test (median paired difference =

+0.014, 95% CI [0.003, 0.025], one-sided p = 0.0070, Cohen’s dz = 0.46, favoring the reliability

score on 23 of 31 maps; bootstrap CIs for both AUCs are listed in Table ??). The median paired

difference is much smaller than the gap between the two cohort medians because it summarizes the

per-map differences, most of which are small and positive, rather than the difference between the

two medians. The effect was modest but consistent. A flag-to-flag comparison under a common

median-split rule is reported separately under cross-validation (LOMO Cross-Validation Confirms

Generalization), where the difference does not reach significance.

Across the 33-map placement panel, the omit zones recovered a cohort-median of 38% of

all low-Q residues (Q < 0.5), roughly twice the 19% cohort-median share of in-mask Cα positions

that fall in the omit zone, which is the rate expected if omit-zone membership were independent

of placement difficulty. The omit tercile is one-third of in-mask voxels but a smaller share of Cα

positions, so the Cα figure rather than the voxel fraction is the correct null here. The residues

they contain are also enriched for low Q: ~55% of omit-zone Cα have Q < 0.5, compared with

~25% among all in-mask Cα, a ~2.2-fold enrichment. In the head-to-head comparison across three
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operational metrics: enrichment, balanced classification accuracy, and rank recovery, the reliability

score and omit zone performed comparably to windowed half-map CC and substantially better than

BlocRes local resolution and local variance in all three criteria. However, BlocRes is the weakest

of the four tested estimators, and the comparison with RELION and ResMap reported above is a

more demanding test. For a builder triaging a newly deposited chain, this translates into a concrete

workflow gain: focusing manual inspection on the roughly one-fifth of in-mask Cα positions that fall

in the omit zone recovers approximately twice as many low-confidence residues per residue reviewed

as an unguided read-through of the model would.

Figure 3.4: ResMap local resolution and build zones at Asn529 (asparagine 529) of MsbA (EMD-
41596). (A) ResMap local-resolution field (2.3 Å at the Cα site) on the deposited-model
isosurface. (B) Build-zone map from map-only reliability (reliability score terciles
within the contour mask: omit / caution / build). Auth/PDB residue numbers are
used (PDB 8TSO). ResMap is essentially uniform across this loop, while Asn529 is
classified omit with a Q-score of 0.16, despite local resolution at or better than the
global estimate (2.68 Å).

The utility of this approach can be observed directly on a deposited map other than the

reference map: MsbA outward-facing (EMD-41596), a membrane transporter resolved at a global

resolution of 2.68 Å (PDB 8TSO; fig. 3.4). In the close-up centered on Asn529, the ResMap local

resolution is comparatively uniform: the same loop reports ~2.3 Å at neighboring positions and at

Asn529 itself; therefore, a model builder consulting ResMap alone would have little basis for treating

36



this site cautiously. The reliability score, however, gives a different reading. The same view shows

spatial variation in sharpness that is not apparent in the ResMap field, with Asn529 in the omit

tercile (reliability score ≈ 0.17). The deposited Q-score at Asn529 was low (0.16), indicating a weak

atom-level model–map agreement, as shown by the side chain not sitting within the visible density

envelope. The half-map cross-correlation remained high (~0.93); therefore, the disagreement was not

driven by an obvious half-map failure but by a local drop in geometric sharpness on the averaged

map. The omit/caution/build assignments make this actionable by flagging specific residues for

caution or omission in regions where the local resolution would not have prompted concern.

3.3 Independent Validation Against MEDIC Coordinate Corrections

To evaluate whether the reliability score predicts genuine modeling difficulties rather than

merely reproducing existing validation metrics, I compared it with independently published coor-

dinate corrections from MEDIC.4 The MEDIC study identified residues requiring coordinate cor-

rection in deposited cryo-EM structures by comparing them against independent higher-resolution

re-determinations and rebuilt models. I analyzed the original deposited maps and half-maps used

in that study, computing cryoRIDGE without reference to the deposited coordinates or the MEDIC

outputs. Subsequently, I asked whether residues corrected by MEDIC were preferentially assigned

low reliability by the map-only metric.

Across the six analysis maps of the first validation block, MEDIC-corrected residues were

enriched within the omit zone, with a median per-map odds ratio of 9.51 (Table 3.2). EMD-10366

was designated as a negative control in advance and was excluded from this median; it returned

an odds ratio of 1.33 (p = 0.47), as expected. Using the continuous reliability score rather than

discrete terciles, corrected residues were consistently ranked above uncorrected residues (median

per-map AUC = 0.73), indicating that regions identified as difficult by cryoRIDGE before model
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interpretation substantially overlapped with those requiring subsequent coordinate correction. A

second block comparing deposited structures against MEDIC-rebuilt versions of the same entries

showed a stronger effect: a median per-map odds ratio of 16.34 across six maps, with a median

per-map AUC of 0.80. Accounting for clustering by map, the cluster-robust odds ratio for omit

versus build was 3.09 (95% CI 1.56–6.13) in the first block and 5.74 (95% CI 1.93–17.09) in the

second (Table 3.2).

3.4 Which Error Types the Reliability Score Detects

MEDIC labels each corrected residue by error type, which allows this comparison to be

resolved beyond a single pooled enrichment figure. For every map, I recomputed the per-map AUC

of the continuous reliability score separately against register shifts, secondary-structure errors, loop

errors, and carbonyl misorientations, using the same in-mask residues and clean-residue controls as

the pooled analysis (Table 3.3). Across the six analysis maps of the first block, the score separated

loop errors best (median per-map AUC = 0.86, range 0.64–0.94) and secondary-structure errors

next (0.82, 0.56–0.97), both above the pooled all-error value of 0.73. Register shifts were detected

less reliably (0.73, 0.66–0.87), and carbonyl misorientations were weakest (0.63, 0.53–0.76).

The same ordering largely held in the rebuilt block, where loop errors again ranked highest

(median AUC = 0.88 across six maps), followed by register shifts (0.82, n = 5), secondary-structure

errors (0.77, n = 5), and carbonyl misorientations (0.74). Pooling both blocks (n = 12 analysis maps,

the negative control excluded) yielded medians of 0.85 for loop errors, 0.82 for secondary-structure

errors, 0.78 for register shifts, and 0.68 for carbonyl misorientations. On the pre-designated negative

control (EMD-10366), the loop and carbonyl AUCs fell to 0.46 and 0.52, respectively, at or near the

0.5 no-discrimination line, as expected.
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This breakdown is consistent with what the metric measures. Loop and secondary-structure

errors arise where the backbone density envelope is weak or ambiguous, and a drop in local gradient

magnitude precisely reflects the loss of geometric definition. Carbonyl misorientation, by contrast,

is a sub-angstrom rotational error that can occur in density that remains locally sharp; therefore,

a gradient-based score has little basis on which to flag it. Register shifts fall between these cases:

the local envelope may be well defined even where the sequence assignment within it is incorrect.

The practical implication is that the omit/caution/build zones are most informative for the error

classes a builder is most likely to introduce, such as poorly defined loops and the ends of secondary-

structure elements, and least informative for fine carbonyl and rotameric geometry, which remains

the province of post-model validators.
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Table 3.2: Per-map MEDIC coordinate-correction enrichment within the omit zone. The MEDIC errors column counts residues meeting
this work’s operational criterion — Cα shift greater than 1 Å after alignment, joined in-mask — which is broader than the
curated, error-typed total reported by MEDIC itself and is therefore not comparable to it.

Block EMDB Deposited / corrected PDB
MEDIC
errors In-mask Cα Fisher OR Fisher p AUC

1 EMD-23130 7L2J / 7LP9 698 1831 17.19 1.6×10−79 0.84
1 EMD-7041 6B3Q / 7K1F 876 1731 3.38 8.7×10−23 0.66
1 EMD-7062 6B70 / 7K1F 852 1887 3.17 1.5×10−12 0.66
1 EMD-258 6HRB / 7BGY 229 1302 18.24 3.8×10−30 0.79
1 EMD-10366 6T24 / 6W7V 224 351 1.33 0.47 0.53
1 EMD-30995 7E5Z / 7VW6 416 765 2.10 5.1×10−5 0.64
1 EMD-10100 6S5T / 7MIR 134 795 15.64 4.9×10−18 0.80
1 Headline (6

analysis maps)
— 3205 8311 9.51 — 0.73

2 EMD-9884 6JT1 / rebuilt 124 1094 10.23 1.5×10−18 0.78
2 EMD-13947 7QFQ / rebuilt 406 958 70.92 2.5×10−44 0.89
2 EMD-24933 7S9D / rebuilt 580 997 9.47 4.6×10−34 0.75
2 EMD-3529 5MM4 / rebuilt 738 1106 2.29 2.8×10−7 0.58
2 EMD-32050 7VOJ / rebuilt 50 782 ∞ 1.5×10−21 0.93
2 EMD-8959 6E1O / rebuilt 202 1129 22.46 1.2×10−35 0.83
2 Headline (6

maps)
— 2100 6066 16.34 — 0.80
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Block 1 compares the deposited structures against independent re-determinations, whereas

Block 2 compares the deposited structures against the MEDIC-rebuilt versions of the same entry.

Odds ratios are per-map Fisher tests of MEDIC-corrected residues falling in the omit tercile versus

elsewhere, and AUC uses the continuous reliability score to rank corrected against uncorrected

residues. The headline rows report the median of the per-map odds ratios and the median per-map

AUC across the analysis maps in each block; the MEDIC-error and in-mask Cα entries on those rows

are sums across those maps, and no pooled odds ratio or Fisher p-value is reported. EMD-10366

was designated as a negative control in advance and is listed as a row but held out of the Block

1 headline medians, since a map chosen in advance to contain no correctable residues is not part

of the population the enrichment estimate describes; including it lowered the Block 1 median odds

ratio from 9.51 to 3.38 and the median AUC from 0.73 to 0.66. Map-level inference is given by the

cluster-robust odds ratios below rather than by a residue-pooled Fisher’s exact test. Cluster-robust

odds ratios (omit versus build, accounting for clustering by map) were 3.09 (95% CI 1.56–6.13) for

Block 1 and 5.74 (95% CI 1.93–17.09) for Block 2, respectively. EMD-32050 returned an infinite

odds ratio because no corrected residue fell outside the omit zone.
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Table 3.3: Per-map AUC of the reliability score for detecting each MEDIC error class

MEDIC error class Block 1 median AUC Block 2 median AUC Pooled median AUC
Negative control
(EMD-10366)

Loop 0.86 0.88 0.85 0.46
Secondary structure 0.82 0.77 0.82 0.86
Register shift 0.73 0.82 0.78 0.54
Carbonyl misorientation 0.63 0.74 0.68 0.52
All MEDIC errors 0.73 0.80 0.78 0.53
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Values are medians of per-map AUCs for the continuous reliability score ranking of MEDIC-

labelled errors of each class against clean in-mask residues. Block 1 comprises the six deposited-

versus-corrected analysis maps (per-map ranges: loop 0.64–0.94; secondary structure 0.56–0.97;

register shift 0.66–0.87; carbonyl 0.53–0.76); Block 2 comprises the six deposited-versus-rebuilt

maps, for which register-shift and secondary-structure AUCs were computable on five. Thirteen

maps returned usable labels overall: seven in Block 1, including the negative control, and six in

Block 2. The pooled column combines the twelve analysis maps from both blocks. EMD-10366 was

designated a negative control in advance and was excluded from the Block 1 and pooled medians.

3.5 LOMO Cross-Validation Confirms Generalization

Leave-one-map-out cross-validation was performed as a conservative check against overfit-

ting, given that the reliability score thresholds are fixed terciles that require no map-specific training.

The held-out AUC distribution for the reliability score (mean ≈ 0.77, median ≈ 0.82) remained well

above chance across the cohort, and in the like-for-like continuous comparison, it outperformed

local resolution. Ranking residues by the continuous reliability score and by local resolution un-

der identical folds, the held-out median AUC is 0.82 for the continuous reliability score against

0.73 for a ResMap worse-than-in-map-median flag and 0.61 for BlocRes, with the reliability score

higher on 23 of the 31 held-out maps (two-sided Wilcoxon p = 0.019). The corresponding one-sided

continuous-versus-continuous comparison against ResMap is reported above. A separate head-to-

head export with intact ResMap coverage gives the same ordering: across 32 held-out maps, the

continuous reliability score retains a median balanced accuracy of 0.74 and a median AUC of 0.83,

against 0.69 and 0.73 for ResMap worse-than-in-map-median flags. A second, stricter comparison

substitutes the discrete omit tercile flag for the continuous score and a worse-than-in-map-median

split for ResMap. Under that coarser rule, on the 27-map held-out subset with complete BlocRes,
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ResMap, and MonoRes coverage — the 33-map core cohort less six maps failing quality control —

ResMap was the stronger classifier (median AUC 0.81 versus 0.75 for the omit flag; median bal-

anced accuracy 0.70 versus 0.64, one-sided p = 0.29), while held-out rank recovery was equivalent

(median ρ = 0.46 versus 0.45) and BlocRes (0.19) and MonoRes (0.15) trailed both. The same

pattern appears under a simple median split: scored by balanced accuracy over the same 31 folds

— flagging a residue when the reliability score or ResMap falls below the training-fold median —

the reliability-based flag (0.58) is only modestly higher than the ResMap-based flag (0.55), a dif-

ference that does not reach significance (one-sided p = 0.11, n = 31). These are not independent

tests but alternative readings of a single cross-validation, and together they locate the effect: the

reliability score separates hard-to-place residues well when its full range is used, and much of that

separation is given up whenever it is reduced to a coarse label, whether a three-level build zone or

a binary threshold level. The wide per-map distributions reflect genuine structural variability (i.e.,

some maps are simply more predictable than others); however, the central tendency is stable and

consistent with the non-cross-validated results.

It is important to be precise about what these results show and do not show. The reliability

score performed comparably to the windowed half-map CC on most operational metrics but was not

substantially better. The incremental value of the reliability score after conditioning on variance,

CC, and local resolution together is modest: a median held-out ∆R2 of +0.037 for Q-score prediction

under LOMO cross-validation. This is the median gain in held-out R2 obtained by adding the

reliability score to a model that already contains those three predictors, evaluated on each cohort

map in turn while it is held out of the fit (see Methods, Leave-One-Map-Out Cross-Validation). This

gain is small but consistent: within the 2.5–4 Å band, adding the reliability score to the variance +

CC + local-resolution baseline improved the held-out prediction in 28 of the 34 maps in that band

that carry a local-resolution baseline and a sufficient sample for testing (sign-test p = 2.0 × 10−4;
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Table 3.4). Against the narrower CC + local-resolution baseline, the reliability score is also the

strongest single addition: compared head-to-head as candidate additions to that baseline (n = 34

maps with a local-resolution baseline), the reliability score’s own ∆R2 (0.074) exceeds that of local

variance (0.029) on 30 of 34 maps with a large effect size (Wilcoxon p = 3.2 × 10−6, Cohen’s dz =

0.88; Table 3.4). Therefore, the reliability score’s value is not that it outperforms other half-map

statistics as a sole predictor, but that it is the half-map statistic most directly aligned with regions

where the density does not adequately constrain placement, and that it is the only one of these

statistics exported directly as a per-voxel reliability score and a build-zone volume that the builder

can load alongside the map during interpretation.
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Table 3.4: Incremental held-out variance explained (∆R2) for Q-score prediction under leave-one-map-out cross-validation

Predictor added Baseline Resolution bin Maps Median ∆R2 Mean ∆R2 Maps improved Sign-test p

Local variance CC + local resolution ≤ 2.5 Å 5 0.059 0.073 5/5 0.063
Local variance CC + local resolution 2.5–4 Å 34 0.029 0.015 24/34 0.024
Reliability score CC + local resolution ≤ 2.5 Å 5 0.064 0.041 4/5 0.375
Reliability score CC + local resolution 2.5–4 Å 34 0.074 0.064 29/34 3.9×10−5

Reliability score variance + CC + local
resolution

≤ 2.5 Å 5 0.020 –0.032 4/5 0.375

Reliability score variance + CC + local
resolution

2.5–4 Å 34 0.037 0.045 28/34 2.0×10−4
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∆R2 is the gain in held-out R2 from adding the named predictor to the stated baseline,

evaluated on each cohort map in turn while that map is held out of the fit. The 2.5–4 Å band is

the atomic-building regime this thesis focuses on and is the only bin with enough maps to support

a significance test; the ≤ 2.5 Å, 4–6 Å, and > 6 Å bins contain 5, 3, and 2 maps, respectively.

These counts are restricted to maps carrying a local-resolution baseline and therefore sum to 44

rather than to the full 55-map analysis cohort; the n = 42 reported for ρ(Q, reliability score) in the

same band is the larger set of maps returning a finite correlation, which requires no local-resolution

baseline. Compared head-to-head as candidate additions to the same CC + local-resolution baseline

across the 34 maps in the 2.5–4 Å band, the reliability score’s ∆R2 exceeds local variance’s on 30

of 34 maps (Wilcoxon p = 3.2 × 10−6, Cohen’s dz = 0.88).

3.6 Why the Reliability Score Correlates With B-factor

The strong negative correlation between the reliability score and deposited isotropic B-

factors (cohort-median ρ ≈ −0.82; per-map values in Table ??) follows directly from the relationship

between atomic displacement28 and the local gradient structure of the density.

In crystallographic and cryo-EM model refinement, the contribution of atom i to the scat-

tering density is controlled by the Debye–Waller factor, which describes how thermal motion and

positional disorder smear the expected density peak. For an atom with isotropic B-factor Bi centered

at position ri, the density contribution falls off following this function.

ρ (r) ∝ exp

(
−4π2

Bi
|r− ri|2

)

This is a Gaussian whose width is directly controlled by Bi. By taking the gradient of this

expression, the following equation appears:
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|∇ρ (r)| ∝ 8π2

Bi
|r− ri| exp

(
−4π2

Bi
|r− ri|2

)

The peak gradient magnitude occurs at a radial distance from the atomic center that scales

with the width of the Gaussian, and its value scales inversely with that width. In other words, a

low Bi corresponds to a narrow, sharp Gaussian and therefore to a steep gradient around the peak,

yielding a high reliability score. Conversely, a high Bi corresponds to a broad, flat Gaussian and

therefore to a shallow gradient around the peak, yielding a low reliability score.

Therefore, reliability score and B-factor are expected to be negatively correlated, and the

strength of the correlation reflects how faithfully the gradient structure of the map encodes the

underlying atomic displacement field. The correlation is strong but not perfect (ρ ≈ −0.82 instead

of −1.0) because deposited B-factors in cryo-EM are not purely physical quantities. They strongly

reflect refinement and model-specific choices made during structure determination. B-factors there-

fore have limited direct physical interpretability.29 For this reason, B-factor comparisons are treated

as a supplement and not a primary validation result, and the circularity introduced by comparing

the reliability score (computed from the map) against B-factors (derived from a model refined into

the same map) is noted explicitly.
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Chapter 4

DISCUSSION

This work was motivated by the question of whether map-only statistics computed from

deposited maps and half-maps can flag regions where downstream model validation will report

poor placement before a model is created. Standard placement validators, such as Q-score and

EMRinger, answer this question only after fitting and refinement;16,20 local-resolution estimators,

such as BlocRes, ResMap, and RELION, instead localize Fourier-domain reproducibility, which

is related to but not identical to placement confidence.10,11,13 To address this gap, I developed

cryoRIDGE, which estimates a windowed squared-gradient sharpness field, termed the reliability

score, on the half-map average and exports continuous reliability scores and build-zone volumes

for interactive model building. Across a 55-map cohort, the reliability score tracks per-residue Q-

score and EMRinger more strongly than BlocRes local resolution and, on cohort-level ROC for the

operational threshold Q < 0.5, more strongly than ResMap local resolution when both are scored

continuously, without using the deposited coordinates, B-factors, or external locres binaries. That

continuous-score advantage does not survive reduction to a coarse label: under a three-level build

zone against a ResMap median split, ResMap is the stronger classifier (see Results, LOMO Cross-

Validation Confirms Generalization). The central finding is that map-only geometric sharpness is

a usable pre-model predictor of placement outcomes in the 2.5–4 Å regime, where most building

occurs. Current cryo-EM workflows rely on post hoc validation after an atomic model has been

built.8 This work demonstrates that meaningful placement confidence can be estimated directly

from the map itself. The method provides a complementary pre-model measure that identifies

regions likely to challenge model builders and offers an additional source of guidance during atomic

interpretation.
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The four local resolution estimators tested here do not behave interchangeably, and the

spread between them is sufficiently large to change how their results should be interpreted. Against

the Q-score, RELION (median ρ = +0.46) and ResMap (+0.39) track deposited model quality

several times more closely than BlocRes (+0.14) or MonoRes (+0.14), and the same ordering holds

against EMRinger and deposited B-factors. All four answer the same nominal question, but they

differ in how the local neighborhood is defined, how masking and noise are handled, and what

significance criterion is applied; those implementation choices evidently matter more for model-

building guidance than the shared Fourier-space framing would suggest.11,13,14 On the 31 maps

where BlocRes, ResMap, and RELION were all available, the reliability score’s median advantage

is +0.35 over BlocRes, +0.09 over RELION, and +0.02 over ResMap, all significant by paired

Wilcoxon test but very different in practical size. The estimators differ in how reliably they can be

run at all, and ResMap produced no usable output on two cohort maps while yielding a finite Q

correlation on only 47 of 55, against 54 for RELION; therefore, its coverage across the map types is

less predictable. Taken together, the case for the reliability score rests less on measuring something

that local resolution cannot and more on supplying one quantity, computed identically from the

half-maps of every map, which is framed around placement from the outset.

4.1 What the Reliability Score Does & Does Not Offer

The incremental value of the reliability score after conditioning on variance, CC, and local

resolution was modest (median held-out ∆R2 = +0.037 for Q-score prediction), although this gain

proved statistically consistent rather than noise across the 34 maps of the 2.5–4 Å band (see Re-

sults: LOMO Cross-Validation Confirms Generalization). The reliability score did not substantially

outperform the windowed half-map CC as a standalone predictor. The two predictors are compara-

ble in terms of enrichment, classification accuracy, and rank recovery. This comparability is worth
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stating plainly rather than minimizing because it sharpens the argument that follows rather than

undermining it. The windowed half-map CC is a reproducibility proxy by construction, but the

cohort data show that the map-only predictors do not partition along the reproducibility/placement

line that the labels imply. They are partitioned by domain: the real-space local statistics — the

reliability score, windowed CC (median ρ = +0.84), and local variance (+0.91) — cluster together

and all track the Q-score, while the frequency-domain local-resolution estimates diverge among

themselves, with BlocRes (–0.19) and MonoRes (–0.23) essentially decoupled from the reliability

score and only weakly related to the Q-score (+0.14 each). Therefore, the windowed CC behaves

like the real-space density-structure measure from which it is computed, not like the FSC-based

estimators with which it is nominally categorized. Accordingly, the claim supported by this work is

narrower and better evidenced than the statement that reproducibility and placement are separate

axes: placement confidence is carried by the local real-space density structure, and windowed FSC

estimates recover it only partially and for only some implementations. That two independently

motivated real-space statistics, the gradient energy on the half-map average and the Pearson agree-

ment between the two half-maps, converge on the same residues corroborates that the placement

axis is a property of the density rather than an artifact of one particular formula.

Against that background, the contribution of the reliability score is specific rather than

sweeping: it carries the larger incremental signal in a head-to-head test (∆R2 = 0.074 versus 0.029

for local variance, favored in 30 of the 34 maps; Wilcoxon p = 3.2 × 10−6, Cohen’s dz = 0.88;

Table 3.4), it is computed from the half-map average as a single scalar field rather than requiring

the half-map pair as a correlation, and it is the only one of these statistics exported as a per-

voxel volume and omit/caution/build zones that a builder can load alongside the map before any

model exists. The roughly 30% of rank agreement not shared between the reliability score and

CC (median ρ = +0.84) also marks where the sharper test lies: locating regions where the two
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disagree and establishing which is correct against deposited placement quality would convert a

comparability result into a discriminating one, and is the natural next step. A second derivative

(Hessian) alternative was also screened: the minimum Hessian eigenvalue correlated with the Q-

score at a comparable magnitude but with an inverted sign and no gain in the high-reliability

score/low-Q regime, where a placement flag was most needed (Table ??). Therefore, the windowed

gradient energy was retained as the operational pre-model score.

The resolution ceiling deserves a more precise statement than a single cutoff implies. The

association with the Q-score is strongest at or below 2.5 Å (n = 6, median ρ ≈ 0.71), remains the

primary reported association within the 2.5–4 Å model-building range (n = 42 maps with a finite

ρ, median ρ ≈ 0.54), weakens substantially but is not absent in the 4–6 Å range (n = 5, median ρ

≈ 0.29, with wide heterogeneity), and is not supported above approximately 6 Å (n = 2, median

ρ ≈ 0.02). This graded falloff is not a limitation specific to the reliability score; it reflects the

diminishing discriminative power of Q-scores themselves at lower resolution, where map features

become too coarse for either metric to distinguish easy from difficult placement at the residue

scale.16,19 Therefore, the 2.5–4 Å band is the primary operating regime for this metric, not a hard

boundary beyond which it abruptly ceases to function.

4.2 B-factor Correlation & Interpretation

The strong negative correlation between the reliability score and deposited isotropic B-

factors28 (cohort-median ρ ≈ –0.82) follows from the Debye–Waller relationship between atomic

displacement and gradient magnitude derived in the Results section (Why the Reliability Score

Correlates With B-factor): a sharper, more constrained density around an atom implies both a lower

B-factor and a higher reliability score; the two quantities are therefore expected to vary inversely.

This correlation is presented as a supplementary consistency check rather than a primary validation
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result for the two reasons that follow. First, B-factors absorb refinement- and model-specific choices

beyond pure atomic disorder, limiting their direct physical interpretation.29 Second, B-factors are

derived from a model built into the map from which the reliability score is computed, which makes

the relationship partly circular by design. Read this way, the B-factor/reliability-score coupling is

best understood as confirming that the reliability score tracks genuine, physically meaningful density

sharpness, rather than as independent evidence for the placement guidance claims made elsewhere

in this thesis. These claims are based on the Q-score, which is derived from an independently

motivated validation procedure and remains the primary comparison.

4.3 Limitations

This tool has several limitations. The build zones are fixed at terciles; therefore, approxi-

mately one-third of the voxels in every map are labeled omit, regardless of the map’s overall quality;

it is unlikely that one-third of every deposited map is genuinely unbuildable. The tercile split is

deliberately assumption-free and requires no per-map calibration, but a user-configurable cut (i.e.,

flagging the lowest 10% of residues, or thresholding on an absolute reliability value rather than

a within-map quantile) would better reflect how map quality varies between depositions and is a

straightforward extension. The cohort of 55 maps, although diverse in resolution, size, and com-

position, was not large enough to draw strong conclusions about the performance of the metric

within specific structural niches. LOMO cross-validation addresses overfitting concerns but cannot

account for systematic biases in the cohort, such as the underrepresentation of very large assemblies

and of nucleic-acid-containing structures, which enter the cohort only through the ribosomal entries

discussed below; because no parameters are learned, cross-validation cannot correct for cohort com-

position. The 4 Å figure is best read as the edge of the regime rather than a failure point, and it does

not limit the metric’s practical reach, since most of the field’s structurally challenging recent depo-
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sitions, including megacomplexes, membrane scaffolds, and partial ribosomal assemblies, are solved

within the 2.5–4 Å atomic-building regime. An expansion cohort assembled specifically around this

kind of target (n = 22, median global resolution 2.96 Å) showed a median ρ(Q, reliability score) of

0.50, close to the core cohort’s 0.54 and the full-cohort median of 0.53; megacomplex entries alone

reached a median ρ = 0.72, including in situ human 80S ribosomes at 2.6–2.8 Å (ρ ≈ 0.81–0.88),

which also provide the cohort’s principal nucleic-acid-containing test cases. Therefore, the metric

continues to perform on exactly the kind of large, compositionally complex target it was designed

for, on targets whose difficulty is compositional rather than resolution-limited. The 4 Å figure marks

where the association weakens (median ρ ≈ 0.29 across the five maps in the 4–6 Å band) rather than

where it disappears; above approximately 6 Å it is not supported by the available data. Finally,

all validations against Q-scores carry the implicit assumption that Q-scores are a reliable ground

truth for placement confidence. This assumption is well supported in the literature19 within the

atomic-building regime, but it weakens near the 4 Å resolution boundary and beyond, where the

discriminative power of the Q-score decreases at worse resolutions.

4.4 Future Directions

Several natural extensions of this work are apparent. The most immediately impactful open

question, the connection between omit zones and post-hoc error detection, is addressed in this work:

MEDIC-corrected residues are enriched in omit zones across two independent validation blocks (see

Results, Independent Validation Against MEDIC Coordinate Corrections). This analysis does not

establish that omit-zone residues are generally correctable. A residue may be flagged because the

density genuinely does not constrain its placement (e.g., through conformational flexibility, thermal

motion, or compositional heterogeneity in the particle population), in which case the deposited

coordinates may already be the best model supported by the data, and rebuilding would not im-
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prove them. The reliability score identifies residues whose placement is not determined by the map;

separating those that are actually misplaced from those that are simply unresolvable requires in-

formation that the map alone does not carry. A prospective study that distinguishes the two by

rebuilding flagged residues and recording which corrections measurably improve fit is the natural

next step.
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Chapter 5

CONCLUSION

A deposited map can report near-atomic global resolution while local placement quality

remains heterogeneous, and the validators that quantify this heterogeneity require a fitted model

that does not yet exist when the first modeling decisions are made. The central question was

therefore whether a real-space readout, computed directly from the map and half-maps in voxel

coordinates, could supply model-building guidance before any atomic coordinates are placed. This

work shows that such a readout is feasible. cryoRIDGE computes a windowed squared-gradient

sharpness field — the reliability score — on the half-map average: a purely real-space, pre-model

quantity, and converts it to continuous reliability scores and omit/caution/build zones that track

downstream placement confidence across 55 structures (median ρ(Q, reliability score) ≈ +0.53;

median per-map AUC ≈ 0.82 for Q < 0.5). The contribution is not a replacement for the Q-score

or local resolution, but a complementary placement-confidence layer that answers the question:

where, in real space, should a builder expect placement to be difficult? These results show that

placement confidence is carried by the local real-space density structure, which windowed FSC

estimates capture inconsistently across implementations, and demonstrate that a map-only, pre-

model gradient metric provides a more direct route to placement guidance than local resolution

alone.

The reliability score derived from the gradient magnitude field translated this finding into

practice. Omit zones recover low-Q residues at roughly twice the rate expected by chance, and

the reliability score achieves a median per-map AUC of 0.82 against Q < 0.5, compared to 0.71

for continuous ResMap local resolution on the 31-map paired panel and 0.80 on the subset with

usable ResMap coverage. This advantage was maintained under leave-one-map-out cross-validation
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when the continuous score was used, indicating that the ranking generalizes beyond the specific

maps used for its characterization; however, it did not hold under the coarser omit-tercile label.

Simultaneously, the reliability score has limitations: it performs comparably to the windowed half-

map CC on most operational metrics, and its incremental predictive value after accounting for the

variance, CC, and local resolution together is modest. The reliability score’s contribution is not

that it is the single best predictor available, but that it directly targets the placement axis in a way

that the field’s default tool, local resolution, does not.

The distinct question of whether a builder can confidently place an atom before any model

exists requires its own instrument, and this work provides one: it is simple to compute, requiring

only the half-maps already produced by any standard reconstruction pipeline, and is validated

against the field’s own most widely used placement-confidence reference, the Q-score.
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APPENDIX. Supplementary Material

A.1 Cohort and Map Details

Table A.1 lists the full analysis cohort of 55 cryo-EM maps used in this thesis, including the

EMDB accession number, protein identity, global resolution, and whether a deposited PDB model

and Q-score were available. The maps were sorted by global resolution. Structural class assignments

followed the categories analyzed in the Results section and were made by manually inspecting the

deposited structures and the associated publications.
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Table A.1: Full cohort manifest

EMD ID Protein Global Resolution (Å) Has PDB / Q-score

EMD-11638 Apoferritin 1.22 Yes / Yes
EMD-61596 HSV-2 gB (+Fab16F9) 2.18 Yes / Yes
EMD-50549 Aerolysin WT in SMALP 2.2 Yes / Yes
EMD-47552 YnaI mechanosensitive channel (DDPC nanodisc) 2.3 Yes / Yes
EMD-24120 70S pre-translocation (E. coli) 2.33 Yes / Yes
EMD-51569 Human muscle nAChR in nanodisc 2.48 Yes / Yes
EMD-52525 Complex III (mitochondrial) 2.52 Yes / Yes
EMD-37504 GLP-1R + Gs (ligand-free) 2.54 Yes / Yes
EMD-51902 Human myoferlin in nanodisc 2.56 Yes / Yes
EMD-71338 Human 80S hibernating class4 2.57 Yes / Yes
EMD-48923 MgtA (E2.Mg.BeF3) 2.59 Yes / Yes
EMD-71435 Human 80S + EBP1 in situ 2.67 Yes / Yes
EMD-41596 MsbA outward-facing 2.68 Yes / Yes
EMD-29275 Human pre-60S state L1 composite 2.7 Yes / Yes
EMD-49450 MgtA (E2P+E1) 2.73 Yes / Yes
EMD-6287 T20S proteasome 2.8 Yes / Yes
EMD-51377 Human SLC45A4 in detergent 2.8 Yes / Yes
EMD-62841 Thermophile spliceosome ILS 2.8 Yes / Yes
EMD-71331 Human 80S P-E in situ 2.8 Yes / Yes
EMD-25418 70S post-translocation (E. coli) 2.9 Yes / Yes
EMD-29262 Human pre-60S state G composite 2.9 Yes / Yes
EMD-41756 LRRK2 CTD (+GZD824) 2.9 Yes / Yes
EMD-39332 Human 20S proteasome assembly intermediate 2.91 Yes / Yes
EMD-44471 Human nucleosome 3.0 A 3.0 Yes / Yes
EMD-53474 Human NTCP in nanodisc 3.0 Yes / Yes
EMD-53483 Rat SLCO2A1 in detergent-lipid micelle 3.0 Yes / Yes
EMD-54253 70S + EF-G hybrid H1 3.0 Yes / Yes
EMD-48534 MgtA (E2P.Mg) 3.07 Yes / Yes
EMD-33734 SARS-CoV-2 spike K202B bispecific 3.1 Yes / Yes
EMD-19872 Integrator INTS5/8/15 3.2 Yes / Yes
EMD-51351 70S + SaEF-G POST 3.2 Yes / Yes
EMD-42603 Human p97/VCP + inhibitor 3.23 Yes / Yes
EMD-16091 Beta-galactosidase (5ms time-resolved) 3.3 Yes / Yes
EMD-16119 GroEL-GroES ADP (turnover) 3.4 Yes / Yes
EMD-13308 GroEL-GroES ADP (tight) 3.43 Yes / Yes
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EMD ID Protein Global Resolution (Å) Has PDB / Q-score

EMD-11497 SARS-CoV-2 spike 3 RBD-down 3.5 Yes / Yes
EMD-45604 beta2AR inactive (carazolol) 3.5 Yes / Yes
EMD-64133 26S proteasome-Midnolin MB state 3.5 Yes / Yes
EMD-41598 MsbA inward-facing 3.6 Yes / Yes
EMD-11149 Bovine ATP synthase Fo 3.61 Yes / Yes
EMD-74099 Human U2/BP spliceosome SF3A 3.61 Yes / Yes
EMD-23130 TRPV1 pH 6c 3.66 Yes / Yes
EMD-23129 TRPV1 pH 6a 3.7 Yes / Yes
EMD-48311 Yeast V-ATPase Vo 3.7 Yes / Yes
EMD-7130 Epithelial Na+ channel (ENaC) 3.9 Yes / Yes
EMD-18839 Integrator cleavage module intermediate 3.9 Yes / Yes
EMD-28487 Eag1 voltage sensor up 3.9 Yes / Yes
EMD-45603 beta2AR apo 3.95 Yes / Yes
EMD-4941 ClpB WT-2A (ATPgammaS) 4.0 Yes / Yes
EMD-50267 Integrator arm module state 1 4.0 Yes / No
EMD-41042 S. enterica WbaP in SMALP 4.1 Yes / Yes
EMD-64103 26S proteasome-Midnolin MA state 4.32 Yes / Yes
EMD-28498 Eag1 voltage sensor down 5.4 Yes / Yes
EMD-4940 ClpB WT-1 (ATPgammaS) 6.2 Yes / Yes
EMD-9156 NMDA GluN1-GluN2A Extended-1 6.84 Yes / Yes
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