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Graph lesion-deficit mapping of fluid 
intelligence

Lisa Cipolotti,1,2 James K. Ruffle,2,3 Joe Mole,1,2 Tianbo Xu,2 Harpreet Hyare,2,3 

Tim Shallice,4,5 Edgar Chan1,2 and Parashkev Nachev2

Fluid intelligence is arguably the defining feature of human cognition. Yet the nature of its relationship with the brain 
remains a contentious topic. Influential proposals drawing primarily on functional imaging data have implicated 
‘multiple demand’ frontoparietal and more widely distributed cortical networks, but extant lesion-deficit studies 
with greater causal power are almost all small, methodologically constrained, and inconclusive. The task demands 
large samples of patients, comprehensive investigation of performance, fine-grained anatomical mapping, and 
robust lesion-deficit inference, yet to be brought to bear on it.
We assessed 165 healthy controls and 227 frontal or non-frontal patients with unilateral brain lesions on the best- 
established test of fluid intelligence, Raven’s Advanced Progressive Matrices, employing an array of lesion-deficit 
inferential models responsive to the potentially distributed nature of fluid intelligence. Non-parametric Bayesian 
stochastic block models were used to reveal the community structure of lesion deficit networks, disentangling func-
tional from confounding pathological distributed effects.
Impaired performance was confined to patients with frontal lesions [F(2,387) = 18.491; P < 0.001; frontal worse than 
non-frontal and healthy participants P < 0.01, P <0.001], more marked on the right than left [F(4,385) = 12.237; P < 
0.001; right worse than left and healthy participants P < 0.01, P < 0.001]. Patients with non-frontal lesions were indis-
tinguishable from controls and showed no modulation by laterality. Neither the presence nor the extent of multiple 
demand network involvement affected performance. Both conventional network-based statistics and non-paramet-
ric Bayesian stochastic block modelling heavily implicated the right frontal lobe. Crucially, this localization was con-
firmed on explicitly disentangling functional from pathology-driven effects within a layered stochastic block model, 
prominently highlighting a right frontal network involving middle and inferior frontal gyrus, pre- and post-central 
gyri, with a weak contribution from right superior parietal lobule. Similar results were obtained with standard 
lesion-deficit analyses.
Our study represents the first large-scale investigation of the distributed neural substrates of fluid intelligence in the 
focally injured brain. Combining novel graph-based lesion-deficit mapping with detailed investigation of cognitive 
performance in a large sample of patients provides crucial information about the neural basis of intelligence. Our find-
ings indicate that a set of predominantly right frontal regions, rather than a more widely distributed network, is critical 
to the high-level functions involved in fluid intelligence. Further they suggest that Raven’s Advanced Progressive 
Matrices is a useful clinical index of fluid intelligence and a sensitive marker of right frontal lobe dysfunction.
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Introduction
Fluid intelligence refers to the ability to solve challenging novel pro-
blems when prior learning or accumulated experience are of limited 
use.1 Fluid intelligence ranks amongst the most important features 
of cognition, correlates with many cognitive abilities (e.g. memory),2

and predicts educational and professional success,3 social mobility,4

health5 and longevity.6 It is thought to be a key mental capacity in-
volved in ‘active thinking’,7 fluid intelligence declines dramatically 
in various types of dementia8 and reflects the degree of executive im-
pairment in older patients with frontal involvement.9 Despite the im-
portance of fluid intelligence in defining human behaviour, it remains 
contentious whether this is a single or a cluster of cognitive abilities 
and the nature of its relationship with the brain.10

Fluid intelligence is traditionally measured with tests of novel 
problem-solving with non-verbal material that minimize depend-
ence on prior knowledge. Such tests are known to have strong fluid 
intelligence correlations in large-scale factor analyses.11,12 Raven’s 
Advanced Progressive Matrices13 (APM), a test widely adopted in clin-
ical practice and research,14 contains multiple choice visual analogy 
problems of increasing difficulty. Each problem presents an incom-
plete matrix of geometric figures with a multiple choice of options 
for the missing figure. Less commonly, verbal tests of fluid intelli-
gence such as Part 1 of the Alice Heim 4 (AH4-1)15 are adopted. The 
Wechsler Adult Intelligence Scale (WAIS)16 has also been used to es-
timate fluid intelligence by averaging performance on a diverse range 
of subtests. However, several subtests (e.g. vocabulary) emphasize 
knowledge, disproportionately weighting measures of ‘crystallized’ 
intelligence,17,18 whilst others (e.g. picture completion) have rather 
low fluid intelligence correlations.19 Hence, it has been argued that 
tests such as the APM are the most suitable for a theoretically-based 
investigation of changes in fluid intelligence after brain injury.20,21

Proposals regarding the neural substrates of fluid intelligence 
have suggested close links with frontal and parietal functions. For ex-
ample, Duncan and colleagues22 have argued that a network of main-
ly frontal and parietal areas, termed the ‘multiple-demand network’ 
(MD), is ‘the seat’ of fluid intelligence. The highly influential parieto- 
frontal integration theory (P-FIT), based largely on neuroimaging 
studies of healthy subjects, posits that structural symbolism and ab-
straction emerge from sensory inputs to parietal cortex, with hypoth-
esis generation and problem solving arising from interactions with 
frontal cortex. Once the best solution is identified, the anterior cingu-
late is engaged in response selection and inhibition of alterna-
tives.23,24 Despite its name, P-FIT also posits occipital and temporal 
involvement, implying widely distributed substrates of fluid intelli-
gence.25 A modification to P-FIT proposes a closer connection be-
tween frontal than parietal, regions and fluid intelligence-related 
processes,26,27 with the frontal lobes mediating high fluid intelligence 
‘domain-independent’ executive processes whilst posterior areas, in-
cluding the parietal lobes, mediating low fluid intelligence ‘domain- 
dependent’ processing of spatial, object, or verbal information.

A meta-analysis of the functional imaging literature has implicated 
a network of modality-independent regions involving the inferior and 

middle frontal and inferior parietal lobes, with additional frontal eye 
field activation in non-verbal tasks, and anterior cingulate and left in-
ferior frontal activation in verbal tasks.28 This frontoparietal attention 
network29 requires expansion to account for the separate neuronal 
substrate underpinning visuospatial/verbal analytical reasoning.30,31

An important caveat of the functional imaging findings is that they 
do not imply causal efficacy.32 For example, though neuropsycho-
logical data commonly lateralize language to the left hemisphere,33

neuroimaging activation is often bilateral.34 So, merely considering 
the presence or absence of activation may hide lateralized functions. 
Hence, lesion studies offer an advantage in furthering our under-
standing of the neurocognitive architecture underpinning fluid intel-
ligence. So far, these studies have been surprisingly sparse.

Lesion studies investigating performance on fluid intelligence 
tasks have mainly enrolled veterans with penetrating head in-
jury.35–43 For example, Weinstein and Teuber43 reported that veter-
ans with left temporo-parietal entrance wounds suffered a decline 
in Army General Classification Test scores. Barbey and colleagues44

investigated Veterans’ performance on three subtests from the 
WAIS (Matrix Reasoning, Block Design and Picture Completion). 
The authors reported that performance was associated with damage 
to the superior longitudinal/arcuate fasciculus. However, several of 
the tests adopted are not considered fluid intelligence 
measures,45 and the lesion characterization was rather basic and 
lacked modelling of the diffuse axonal injury the traumatic aetiology 
implies.46 In the most recent of these studies, impaired WAIS per-
formance, not a specific test of fluid intelligence, was associated 
with damage to left fronto-parietal regions and white matter associ-
ation tracts.47 Glascher and colleagues48 reported that the left frontal 
pole was associated with performance on general intelligence (g) in a 
large sample of patients with stroke, encephalitis, temporal lobec-
tomy and traumatic brain injury (TBI). Similarly, Browen and collea-
gues49 investigated performance in general intelligence using the 
WAIS in a sample of patients with similar pathologies, and reported 
an association with white matter tracts deep to the left temporo- 
parietal junction, including the arcuate fasciculus.

Studies investigating patients with lesions caused by brain tu-
mours or stroke have generally relied on WAIS as a measure of fluid 

intelligence, with inconclusive results. Some studies have associated 

WAIS non-verbal scale performance with right posterior damage.50,51

However, Tranel and colleagues52 reported no significant differences 

between frontal and non-frontal damage on a non-verbal subtest of 

the WAIS analogous to the APM (Matrix Reasoning). Preserved per-

formance on the WAIS has been documented in frontal patients.53,54

In contrast, the very few studies adopting tasks loading more heavily 

on fluid intelligence have reported frontal deficits. Duncan and collea-

gues20 documented a substantial discrepancy between scores on 

Scale 2 of Cattell’s Culture Fair and the WAIS in three frontal but 

not in five non-frontal patients. However, the very small sample lim-

ited generalizability and prevented investigation of laterality effects.
In a recent study we documented lateralised frontal effects on 

APM and AH4-1.55 Compared with healthy participants, only right 
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frontal damage significantly impaired APM performance, and only 
left frontal damage impaired AH4-1 performance. The relatively 
small sample prevented investigation of finer anatomical effects.

Lesion studies investigating the underlying behavioural and 
anatomical aspects of the widely used APM are old, inconclusive, 
and lacking in anatomical analysis. Results have variously shown 
no difference between right or left hemisphere patients56–61 or im-
pairment in left hemisphere patients56,62,63 or right hemisphere pa-
tients.56–65 Villardita66 reported no difference in the performance of 
left or right hemisphere patients on the Coloured Progressive 
Matrices version of APM. However, on Set I, involving visuopercep-
tual factors, right performed worse than left hemisphere patients. 
There is similar uncertainty about the influence of aphasia, thought 
by some to degrade performance,58–67 but not by others.60–69 Large 
samples of patients with focal unilateral lesions, thorough investiga-
tion of performance on the APM, fine-grained anatomical mapping, 
and robust lesion-deficit inference are vital for definitive scientific 
conclusions.

Here we assessed the largest number of patients yet reported 
with focal, unilateral, right or left, frontal or non-frontal lesions 
(n = 227; 146 frontal, 81 non-frontal) and 165 healthy participants 
on APM. We investigated overall performance, item difficulty, and 
relation to MD involvement. Building upon our novel multimodal 
methodology,70 we employed an array of lesion-deficit models re-
sponsive to the potentially distributed nature of fluid intelligence. 
We focused on modelling the anatomy of neural dependence as a 
graph, where interactions between distributed areas are explicitly 
tested. This approach permits delineation of distributed substrates. 
It also distinguishes functionally critical areas from those the dis-
tinctive pathological structure of lesions renders spuriously corre-
lated: a problem shown to corrupt lesion-deficit maps based on 
simple mass univariate methods.71 In our approach each brain lo-
cus—intact or lesioned—is conceived as a node or vertex of a graph, 
with the relationships between loci—functional or merely lesion- 
pathology driven—defining its edges. This permits us to model 
network-dependence explicitly, disentangling functional and 
pathological effects to reveal the underlying substrate.

Materials and methods
Participants

Data from 332 patients with unilateral, focal lesions who attended 
the Neuropsychology Department of the National Hospital for 

Neurology and Neurosurgery was retrospectively screened. 
Inclusion criteria were: presence of a stroke or tumour; ≥70% of 
the total lesion, segmented from MRI or CT scans obtained during 
routine clinical care (see ‘Neuroimaging investigations’ section), 
falling within either frontal or non-frontal areas; age between 18– 
80 years; absence of gross perceptual impairments (no neglect, 
>5th cut-off on the Incomplete Letters test),72 language impair-
ments (>5th %ile on the Graded Naming Test, GNT)73; psychiatric 
disorders, history of alcohol or substance abuse, or other neuro-
logical disorders; and native English language proficiency. Age at 
assessment, gender, and years of education were recoded.

Application of these criteria yielded 227 patients, 146 frontal 
[left frontal (LF) 69; right frontal (RF) 77], and 81 non-frontal [left 
non-frontal 39 (LNF); right non-frontal 421 (RNF); see Table 1]. 
There was no significant difference between tumour and stroke pa-
tients for mean time between injury and neuropsychological as-
sessment (P = 0.12; Table 1). One hundred and sixty-five healthy 
control participants, with no neurological or psychiatric history, 
were recruited to match patients as closely as possible for age, gen-
der, years of education and National Adult Reading Test scores 
(NART).74

The study was approved by The National Hospital for Neurology 
and Neurosurgery and Institute of Neurology Joint Research Ethics 
Committee and conducted in accordance with the ‘Declaration of 
Helsinki’.

Behavioural investigations

Patients were assessed with tests administered and scored in 
the published standard manner. Due to the retrospective nature 
of our study, certain data were unavailable for some 
participants.

Background tests

Premorbid optimal level of functioning was assessed using the 
NART, perception and naming using Incomplete Letters and 
GNT. Two widely used executive tasks, known to require 
processes distinct from fluid intelligence were also adminis-
tered.9–75 Verbal generation was assessed using the phonemic 
fluency test.76 The total number of words recalled excluding 
errors was recorded. Strategy formation/response inhibition 
was assessed using the Hayling Sentence Completion Test. 
Suppression errors were calculated.77

Table 1 Demographics and cognitive test scores

n Healthy control mean n Frontal mean n Non-frontal mean

Age, years (SD) 165 49.61 (15.19) 146 49.17 (15.76) 81 51.76 (14.93)
Gender, male/female 77/88 81/65 45/36
Aetiology: stroke/tumour/abscess/AVM 38/104/4/0 35/45/0/1
Chronicity, days (SD) 124 238.52 (640.41) 73 267.26 (740.93)
Education, years (SD) 148 14.57 (2.65) 135 14.38 (3.91) 78 14.83 (2.83)
Premorbid NART IQ (SD) 165 107.02 (10.01) 146 105.48 (12.71) 81 108.19 (10.60)
GNT (Correct/30) (SD) 131 20.91 (5.14) 121 19.69 (4.78) 71 20.23 (5.26)
IL, Correct/20 (SD) 123 19.59 (0.59) 111 19.48 (0.74) 68 19.49 (0.76)
S Fluency, overall performance (SD) 69 17.19 (4.79) 114 11.54a,***;b,*** (5.71) 55 15.04 (5.17)
Hayling suppression error scaled scores (SD) 63 5.95 (0.89) 81 3.91a,***;b,*** (2.70) 51 5.84 (2.08)

AVM = arteriovenous malformation; NART = National Adult Reading Test; SD = standard deviation; SS = Scaled Score; GNT = Graded Naming Test; IL = Incomplete Letters. Scores 
with significant P-values are in bold. 

***P < 0.001. 
aSignificant difference between frontals and non-frontals. 
bSignificant difference between frontals and healthy controls.
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Fluid intelligence

Fluid intelligence was assessed using APM.13 We analysed the 
following:

Overall performance

The total number of correct responses in Set 1 (/12) was recorded and 
converted into age-adjusted scaled scores based on published 
norms.

Item difficulty

Based on visual inspection of the percent correct in healthy control per-
formance, we graded the 12 items from easiest to hardest. We then 
formed three variables: ‘easy group’, containing the four easiest items 
(1, 7, 2, 4), ‘medium group’, containing the next four items (3, 5, 6, 10) 
and ‘hard group’, containing the four hardest items (12, 9, 8, 11). We cal-
culated each patient’s score for the three variables (0–4). We compared 
the performance of the LF, RF and Controls on the three groups to inves-
tigate differences in performance based on item difficulty.

Multiple-demand network

We compared overall performance in patients with versus without 
MD damage, controlling for age and NART (see ‘Neuroimaging in-
vestigations’ section). We used both frequentist and Bayesian lin-
ear regression to investigate whether extent of MD involvement 
predicted APM performance, over and above that predicted by age 
and NART.

Neuroimaging investigations

Imaging data were available for 176 patients (n = 173 MRI, n = 3 CT; n = 
110 frontal, n = 66 non-frontal). MRI scans were obtained on either a 
3 T or 1.5 T Siemen scanners following a diversity of clinically- 
determined protocols outside our control. CT studies were obtained 
on Toshiba or Siemens spiral scanners. Note that since the input to 
the imaging models are not raw image data but comparatively large, 
manually-traced, binary lesion masks, in keeping with established 
practice in the field we made the assumption that the effect of 

variations in acquisition parameters is likely negligible and need 
not be explicitly modelled. Lesions were traced and independently 
classified using MIPAV (https://mipav.cit.nih.gov/) by J.M., E.C. and 
checked by P.N., who was blind to the study results. In tumour pa-
tients, the segmented lesion included the surgical cavity. The lesion 
masks were non-linearly normalized to Montreal Neurological 
Institute (MNI) stereotaxic space at 2 × 2 × 2 mm resolution using 
SPM-12 software (http://www.fil.ion.ucl.ac.uk).78 The lesion distribu-
tion is displayed in Fig. 1. Involvement of the MD was established by 
comparing each patient’s normalized lesion mask with a template of 
MD regions in MNI space kindly provided by Professor Duncan’s 
group.79 For each patient, we determined whether their lesion in-
volved the MD and calculated extent of MD involvement (i.e. MD le-
sion volume/total lesion volume × 100).

Behavioural analysis

All statistical analyses were conducted using SPSS version 25. 
Neuropsychological data were assessed for skewness and kurtosis 
and tested for normality using the Shapiro-Wilk test.

One-way univariate analysis of variance (ANOVA), independent 
samples t-tests or chi-square analyses were conducted for continu-
ous and categorical data, respectively to investigate differences be-
tween frontal, non-frontal and control participants on age, gender, 
aetiology, chronicity, lesion volume, years of education, and neuro-
psychological variables (NART IQ, GNT, Incomplete Letters, S flu-
ency and Hayling suppression errors). Following significant 
differences, post hoc tests with Bonferroni correction (0.05/3 = P = 
0.016) compared frontal versus non-frontal, frontal versus control 
and non-frontal versus control. LF and RF were also compared on 
all demographic and neuropsychological variables using t-tests.

Standard and lateralization analyses were performed on APM 
overall performance. In the standard analysis we established the 
sensitivity and specificity of the APM to the frontal lobes. This ana-
lysis was critical because, only if there was a significant frontal def-
icit compared to Controls the subsequent lateralization analysis 
was carried out to investigate unilateral left and/or right frontal 
contributions to APM.

Figure 1 Lesion distribution map. Voxel-wise sum of the 221 modelled lesions overlaid on the SPM152 T1 template distributed with MRIcroGL(https:// 
www.nitrc.org/projects/mricrogl). The images are displayed in neurological convention (left is left).
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In the standard analysis, ANCOVA was used to compare frontal 
versus non-frontal versus control, adjusting for age and NART. 
Following significant differences, post hoc tests with Bonferroni cor-
rection (0.05/3 = P = 0.016) compared frontal versus non-frontal, 
frontal versus control and non-frontal versus control. In the lateral-
ity analysis, ANCOVA was used to compare LF versus RF versus LNF 
versus RNF versus Control, adjusting for age and NART. Following 
significant differences, pairwise comparisons with Bonferroni cor-
rection (0.05/4 yields P = 0.0125) compared each patient group 
against Control (i.e. LF versus Control, RF versus Control, LNF ver-
sus Control, RNF versus Control), LF with RF and LNF with RNF.

To investigate potential differences in performance according to 
item difficulty in Frontal patients, we used a 3 × 3 ANCOVA with 
Difficulty (Easy, Medium, Hard) as the within group factor and 
Group (LF, RF and Controls) as the between group factor, covaried 
for age and NART. Significant main effects of Group were followed 
by simple effects analyses with Bonferroni correction.

To investigate the contribution of the MD to overall perform-
ance one-way ANCOVA was used to compare patients with (n = 
153) versus without (n = 23) MD lesions, while adjusting for age 
and NART. We also performed a multiple linear regression analysis, 
using the enter method, entering APM performance as the outcome 
variable and age, NART and extent of MD involvement as predictor 
variables.

Neuroimaging analysis

Lesion-deficit inference is complicated by the presence of correla-
tions across damaged voxels, not just functionally—arising from 
a distributed neural substrate—but also pathologically—arising 
from the structure of the underlying pathological process. 
Without explicit modelling of regional interactions within high- 
dimensional models that demand large-scale data, spatial infer-
ences are likely to be unquantifiably distorted. In the absence of 
an established approach applicable to the comparatively 
small-scale data regimes inevitable in neuropsychology, we ap-
plied multiple inferential methods, focusing on the graph-based 
approach with the strongest theoretical foundations.

Parcel-based analysis

PLSM ANALYSES were completed using the NiiStat toolbox for Matlab 
(http://www.nitrc.org/projects/niistat). To increase statistical power 
the brain was regionally parcellated following the JHU-MNI atlas80

into 189 regions of interest (ROIs) spanning both grey and white mat-
ter. To assure statistical power, only ROIs with damage in ≥10 patients 
were included. Three Freedman-Lane permutations81 were per-
formed with age, NART and lesion volume always entered as nuis-
ance regressors. Permutation thresholding (5000 permutations) was 
used to correct for multiple comparisons and control the family-wise 
error rate. An alpha of 0.05 was the threshold for significance. To in-
vestigate the contribution of the MD to APM overall performance, 
PLSM analyses were repeated with age, NART and proportion of MD 
involvement entered as nuisance regressors. PLSM analyses were 
conducted on Hayling suppression errors (scaled scores), with age, 
NART and lesion volume or age, NART and proportion of MD involve-
ment entered as nuisance regressors.

Bayesian multivariate lesion-deficit modelling of 
multiple-demand network dependence

To quantify the regional contribution of components of the MD, 
Bayesian multivariate regression implemented in BayesReg v1.91 

was performed with each connected component of the MD map 
treated as a predictor variable, and age and NART added as nuis-
ance covariates. A selection of shrinkage priors (ridge, lasso, g, 
horseshoe, horseshoe+) and noise models (Gaussian, Laplace, 
Student t distribution) were evaluated, choosing g and Student t 
based on the widely applicable information criterion (WAIC): a 
standard interpretable metric for Bayesian model comparison.82

The posterior distributions of the regression coefficients were esti-
mated with Markov chain Monte Carlo sampling over 100 000 sam-
ples with a 100 000 burn-in interval and thinning set at 10, reporting 
the means and standard deviations of the regression coefficients 
that survive a 95% Bayesian credibility interval. The effective sam-
ple size was >97 for all models.

Graph lesion-deficit modelling

Where the neural support of a function is distributed across a set of 
connected regions, the optimal way of identifying it is through ex-
plicit modelling of both anatomical locations and their interactions. 
Even where the neural support is local, the structure of the lesion 
pathology used to reveal it need not be, and itself requires model-
ling of distributed relations. By structure here is meant characteris-
tic spatial patterns of coincident damage dictated by the underlying 
pathological process, such as the patterns of ischaemic damage the 
vascular tree enforces in stroke. The difficulty is amplified when 
both the neural and the pathological are distributed, for the former 
must then be disentangled from the latter: a problem for which 
there is no established solution. Here we adopt an approach based 
on statistical models of graphs. The fundamental idea is to conceive 
the brain as a densely interconnected graph, where each node is an 
anatomical location and each edge indexes the extent to which 
its connected nodes share a set of properties. In the context of 
lesion-deficit mapping, the properties of interest are the presence 
of damage, the associated deficit, and nuisance factors that could 
confound their relations. First, we apply conventional network- 
based statistics, fitting a general linear model to APM scores, reveal-
ing a network of dependence driven jointly by functional anatomy 
and spatial patterns of damage. Second, we exploit recent develop-
ments in Bayesian stochastic block modelling to identify communi-
ties of voxels distinctively influenced by fluid intelligence, 
disentangled from the incidental spatial structure of lesions.

Network-based statistics

The non-linearly registered lesion masks were linearly resampled 
to a resolution of 12 mm3. This resolution offers considerably finer 
anatomical detail than published parcellation schemes83–86 and 
avoids the potentially biasing effects of their structuring determi-
nants. We provide a bar plot showing the mean node volume 
(±95% confidence interval) if our approaches compared with com-
monly used parcellation schemes in Supplementary Fig. 1.

A graph where voxels are the nodes and their adjacent neigh-
bours the edges was created as an adjacency matrix, labelling any 
edge that linked two lesioned nodes as 1 and all others as 0. This 
process yielded a graph of order and size 1017 nodes and 516 636 
edges for each patient (n = 172). The choice of a 12 mm3 voxel size 
was constrained by the tractability of the statistical model, in line 
with the practice of others in related domains.23–84

We proceeded to model lesion adjacency matrices with the 
Network-Based Statistics (NBS) connectome toolbox (v1.2).87 NBS 
is an established statistical framework for network analysis, de-
scribed in extensive detail elsewhere.88,89 In brief, it implements a 
non-parametric approach to mass-univariate statistical inference 
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on the edges of large graphs, yielding family-wise error 
(FWER)-corrected P-values for each edge via permutation testing.90

The approach can be viewed as the graph analogue of the 
mass-univariate voxel-wise methods familiar from functional im-
aging and voxel-based morphometry. It has been widely applied 
to investigate the organization of brain networks.87–91

Here the inputs were the lesion graphs of each patient, with APM 
as the predictor and NART and age as nuisance covariates. The mod-
el was fitted with 50 000 permutations, with a criterion for statistical 
significance set at family-wise error rate corrected P < 0.05, yielding 
an inferred group-level network significantly associated with fluid 
intelligence. We evaluated the community structure of this inferred 
network—the presence of clusters of voxels defined by similar in-
ferred connectivity—with a Bayesian, weighted, non-parametric, 
hierarchical, generative stochastic block model,92,93 with additional 
simulated annealing to approximate the global optimum of the 
function (see below). Edges were weighted by the significant 
t-statistic adjacency matrix from the NBS model. To examine the po-
tential influence of aetiology, we compared this NBS model to an-
other identically configured except for the addition of aetiology as 
a nuisance covariate (Supplementary material).

To illustrate the relation between the inferred network and fluid 
intelligence, we created a set of Bayesian regression models with a 
target of APM adjusted for NART, and predictors constructed— 
across separate models—from the dichotomized overlap between 
a lesion and the NBS-identified network, or from the number of 
nodes of each patient’s graph included in the NBS network. We 
also ran a multivariate regression model with the lesion adjacency 
matrix as columns of predictors. We evaluated all models with vari-
ous prior shrinkage schemes, using the WAIC to select the most ap-
propriate prior distributions and model goodness-of-fit.82,94,95 All 
regression models were implemented in BayesReg v1.2, and em-
ployed a burn-in of 50 000, taking 100 000 samples from the poster-
ior distribution within a single MCMC chain. Note these analyses 
are not independent and are designed to be merely illustrative of 
the NBS model from which they are derived.

Bayesian hierarchical stochastic block modelling

The foregoing simple network-based statistical model is potentially 
confounded by the anatomical structure of pathological damage. It 
is also tractable only at relatively coarse spatial resolutions. To 
overcome these defects, we exploited a recent innovation in the 
statistical modelling of graphs: Bayesian stochastic block models.96

These are non-parametric probabilistic statistical models of the 
network structure of graphs that enable robust inference to distinct 
patterns of connectivity arising as network ‘blocks’ or ‘communi-
ties’ within them. In the context of a graph model of the lesioned 
brain, such communities may be shaped by the neural substrate 
of the behaviour under study, the anatomical patterns of damage, 
or an interaction between the two. The approach allows us to disen-
tangle these two distinct types of node connectivity, in our case iso-
lating the neural dependents of APM performance from the 
incidental structure of the lesions used to reveal them. We employ 
a specific kind of Bayesian stochastic block model designed to in-
corporate layered, multiple attribute properties.96 The layered for-
mulation enables robust inference to the separability of the two 
types of connectivity by Bayesian model comparison of variants 
whose layered structure either respects or ignores them.92

Though a comparatively recent innovation, such models rely on 
well-established principles of Bayesian inference and graph theory, 
and are underwritten by their theoretically proven validity92–99.

Graph theory provides a powerful method of modelling complex 
systems that combines flexibility with intelligibility.89 It treats indi-
vidual factors of interest as the ‘nodes’ of a network, and their inter-
actions as the connections, or ‘edges’, between them. In the context 
of lesion deficit inference, the nodes identify anatomical locations 
in brain, and the edges describe their pairwise relations. Two nodes 
may be related by their association with a deficit when lesioned, or 
by their tendency to be involved in the same lesion, regardless of 
the deficit. The former is the effect of interest, the latter is a poten-
tial confounder we wish to eliminate. To disentangle the two forms 
of relation we create a layered, weighted, undirected graph whose 
layers correspond to the two different kinds of association. 
Confining each form of relation to its own layer compels the model 
to disentangle them in inferring the community structure of the 
graph. We can compare a layered model of this kind to a null model 
where the edges are randomized across layers, employing Bayesian 
model comparison based on the minimum description length of the 
model. Finding the layered model superior to the null is evidence of 
the successful separation of the structuring effects of APM and le-
sion co-occurrence we seek here. A detailed exposition of the infer-
ential approach is given in the Supplementary material.

To model our data, each non-linearly registered lesion was re-
sampled to 4 mm3 resolution, and the lesion adjacency matrix con-
structed for each patient as before. This resolution is much finer for 
than conventional parcellation schemes published in the wider lit-
erature schemes (Supplementary Fig. 1).83–86 We then constructed 
an undirected, weighted graph combining all individual lesion net-
works across all patients. This network comprised nodes corre-
sponding to all voxels of the brain, and edges between voxels 
adjacent. These edges were weighted by two variables: the count 
of the number of times a voxel and an adjacent neighbour were da-
maged together —a lesion co-occurrence weight—and the inverse 
of the patient’s APM score divided by NART—an adjusted APM 
weight. Naturally, the graph was undirected, as the direction of 
any relationship between collaterally lesioned areas is not in-
formed by the data at hand.

We filtered edges to limit analysis to the top 50% connected 
nodes, removing edges with fewer than ∼3 connections, where 
sampling was too low to support robust inference, but permitting 
still full brain coverage. This yielded a graph of order and size 
27 509 nodes and 285 545 edges. There were no node self-loops. 
We rescaled both lesion co-occurrence and APM edge weights to 
the range 0 to 1.

We proceeded to evaluate the community structure of this net-
work with a non-parametric Bayesian hierarchical weighted sto-
chastic block model incorporating layered and attributed 
properties96–100 implemented in graph-tool (https://graph-tool. 
skewed.de).92–99 We began by fitting a null model, with the two 
kinds of edge weight—adjusted APM and lesion co-occurrence— 
randomly distributed across two layers. We then fitted a test model 
with each type of weight consistently assigned to its own layer. 
Adjusted APM weights were modelled as Gaussian; lesion co- 
occurrence weights as Poisson distributions. Having initialised a 
fit, we used simulated annealing to further optimise it, with a de-
fault inverse temperature of 1 to 10.93 We did not specify a finite 
number of draws, rather we specified a wait step of 100 iterations 
for a record-breaking event, to ensure that equilibration was driven 
by changes in the entropy criterion, instead of driven by a finite 
number of iterations99

We used model entropy to determine if the layered model fit 
was better than the null, indicating that the inferred community 
structure distinguished APM and lesion co-occurrence effects. 
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To visualize the inferred communities, we back projected the inci-
dent edge weights onto the brain, deriving the mean and 95% cred-
ible intervals for comparison. To examine if modelling lesion 
co-occurrence requires explicit consideration of aetiology, we 
replicated the model with the addition of aetiology as a third layer, 
again conducting formal comparison against a randomized null 
(Supplementary material).

Synthetic ground truth evaluation

The substrate of a function is definitionally unknown: it is what we 
are seeking to infer. To examine the comparative fidelity of a set of 
models we therefore need synthetic ground truths71 of the com-
plexity likely to obtain in reality. Here we used the meta-analytic re-
pository NeuroQuery101 to create six realistically complex and 
distributed ground truth maps across the domains of action, aver-
sion, language, mood, motor and sensation (Supplementary 
material). The intersection between each lesion and each ground 
truth was then used to generate a hypothetical deficit for each pa-
tient and each domain, and the stochastic block model was subse-
quently applied exactly as in the case of the real data. The fidelity of 
the inferred maps was then quantified by their Dice score, and com-
pared to a standard mass-univariate voxel-based lesion-deficit 
mapping baseline (Supplementary material).

Data and code availability

The data and code that support the findings of this study are avail-
able from the corresponding author, L.C., upon reasonable request.

Results
Demographic and behavioural investigations

Frontal, non-frontal and control patients were well-matched for 
age, gender, chronicity and years of education (all P > 0.05). There 
was no significant difference in lesion volume between LF and RF 
or between LNF and RNF. There was a significantly greater propor-
tion of tumour patients in frontal than non-frontal [χ2 (1, n = 227) = 
5.68, P < 0.05] and a significantly greater proportion of stroke pa-
tients in non-frontal than frontal [χ2 (1, n = 227) = 7.05, P < 0.01]. 
However, there were no significant differences in the proportion 
of tumour or stroke patients between LF and RF (all P > 0.05) or be-
tween LNF and RNF (all P > 0.05).

There were no significant differences between frontal, non- 
frontal and control participants for NART, IL or GNT scores (all P > 
0.05; Table 1). One-way ANOVAs found highly significant differ-
ences between frontal, non-frontal and control participants for S 
fluency and Hayling suppression errors [F(2,238) = 25.319; P < 
0.001; F(2,192) = 21.266; P < 0.001, respectively]. Post hoc tests showed 

frontal performed significantly worse than non-frontal and control 
on S fluency (P < 0.001; P < 0.001, respectively) and Hayling suppres-
sion errors (P < 0.001; P < 0.001, respectively). Pairwise comparisons 
revealed that LF were significantly more impaired than RF on S flu-
ency (P < 0.01), RF were significantly more impaired than LF on 
Hayling suppression errors (P < 0.05; Table 1).

Overall performance

Standard analysis

A one-way ANCOVA controlling for age and NART, found a highly 
significant difference between frontal, non-frontal and control par-
ticipants in overall performance [F(2,387) = 18.491; P < 0.001]. Post 
hoc tests showed that frontal performed significantly worse than 
non-frontal (P < 0.01) and Control (P <0.001). There was no signifi-
cant difference between non-frontal and control (corrected P = 
0.185; Table 2)

Lateralization analysis

A one-way ANCOVA controlling for age and NART found a highly 
significant difference between LF, RF, LNF, RNF and Control partici-
pants [F(4,385) = 12.237; P < 0.001]. Pairwise comparisons showed a 
significant difference between RF and Controls (P < 0.001) and LF 
and Control (P < 0.01). Importantly, RF were significantly more im-
paired than LF (P < 0.01). There was no significant difference be-
tween RNF and Control or LNF and Control; Table 2). Notably, 
performance fell <1.5 standard deviations (SD) below Control in 
43% of RF but only in 22% of LF.

Item difficulty

A 3 × 3 ANCOVA, controlling for age and NART, revealed a signifi-
cant main effect of difficulty [F(2,364) = 5.360; P = 0.005] and Group 
[F(2,182) = 22.707; P < .001]. Critically, there was also a significant inter-
action between difficulty and group [F(2,364) = 10.822; P < 0.001]. Post 
hoc pairwise comparisons showed significant differences for the 
medium group between RF and Control (P < 0.001), LF and Control 
(P < 0.05), and RF and LF (P < 0.05). Thus, frontal patients were worse 
than Control, and RF performed the poorest. For the hardest group 
there were significant differences only between RF and Control 
(P < 0.001), and LF and Control (P < 0.001). There were no significant 
differences for the easy group. Thus, RF impairment on the APM ap-
pears to be driven by poor performance on the medium items. 
Closer inspection revealed that three specific items (3, 5 and 6) 
were responsible for driving the RF poorer performance than LF, 
with an accuracy decrement of more than 20% in RF.

Multiple-demand network

A one-way ANCOVA, controlling for age and NART, showed no sig-
nificant difference in overall performance between patients with 

Table 2 Overall performance on APM

Healthy control Frontals Non-frontals Frontals Non-frontals

Left n= 69 Right n= 77 Left n= 39 Right n= 42

Mean number correct/12 (SD) 8.67 (2.41) 7.07a,**;b,*** (2.78) 8.07 (2.09) 7.71b,** (2.49) 6.49b,***;c,** (2.93) 8.00 (1.92) 8.14 (2.26)

SD = standard deviation. Scores with significant P-values are in bold. 

**P < 0.01. 
***P < 0.001. 
aSignificant difference from non-frontals. 
bSignificant difference from healthy controls. 
cSignificant difference between left and right frontals.
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versus without MD lesions [F(1,172) = 1.88, P = 0.172]. A linear re-
gression analysis, with age, NART and extent of MD involvement 
entered as predictor variables, significantly predicted APM per-
formance [r2 = 0.28, F(3,172) = 21.726, P < 0.001]. However, only age 
and NART (both P < 0.001) were significant predictors. Extent of 
MD involvement did not significantly contribute (P = 0.410).

Parcel-based analysis and Bayesian multivariate analysis 
of multiple-demand network

Parcel-based lesion symptom mapping (PLSM) analyses with age, 
NART and lesion volume entered as nuisance regressors, revealed 
that poorer overall performance was associated with right posterior 
middle frontal gyrus, pars opercularis, precentral gyrus, superior 
corona radiata and external capsule lesions. When the proportion 
of MD involvement was entered as a nuisance regressor instead 
of lesion volume the results remained unchanged.

PLSM analyses on Hayling suppression errors, with age, NART 
and lesion volume entered as nuisance regressors revealed that 
poorer performance was associated with right posterior middle 
frontal gyrus and pars opercularis lesions. When the proportion 
of MD involvement was entered as a nuisance regressor instead 
of lesion volume the results remained unchanged.

Bayesian multivariate modelling of individual MD components 
yielded as credibly predictive only NART (posterior mean coeffi-
cient 0.484, 95% credibility interval 0.336 to 0.630), age [mean 
−0.321, 95% confidence interval (CI) −0.455–−0.187], and a right- 
sided MD component falling within precentral and posterior medial 
frontal gyrus (mean −0.310, 95% CI −0.587 to −0.021). The credibility 
intervals of the coefficients of other MD components all crossed 
zero.

Network lesion-deficit modelling

Network-based statistics identified a distinct predominantly right 
frontal network associated with reduced APM (FWER-corrected 
P < 0.0001, t-thresh >3.1) (Fig. 2). The regions with the greatest num-
ber of significant nodes (in order of descending degree count) in-
cluded the right superior frontal gyrus (degree count 22), right 
middle frontal gyrus (17), right frontal pole (16), right anterior cin-
gulate cortex (16), left superior frontal gyrus (6), right inferior front-
al gyrus (4), left anterior cingulate cortex (4), right caudate nucleus 
(3), right mid cingulate cortex (3), right precentral gyrus (2), right 
juxtapositional lobule (1), right frontal operculum (1) and right an-
terior insula (1). A stochastic block model partitioned the network 
into a structure with three clustered components, broadly encom-
passing medial wall, superolateral cortical surface and a superior 
frontal gyrus-dominant component. The addition of lesion aeti-
ology to the list of covariates in the NBS model yielded a near- 
identical result (test-statistic correlation between significant edges, 
r.99, P < 0.0001) (Supplementary Fig. 2).

Bayesian univariate regression analysis confirmed that patients 
with lesions overlapping with the network exhibited significantly 
lower adjusted APM scores, (R2 0.105, coefficient mean ± SD −0.265 
± 0.068) (95% CI −0.396 to −0.129) (Fig. 3). The extent of overlap, in-
dexed by the degree (i.e. number of nodes) shared between an indi-
vidual lesion network and the inferred network exhibited a strong 
log-linear relationship to adjusted APM [R2 0.190, coefficient mean 
± SD −0.002 ± 0.0005 (95% CI −0.00250 to −0.00041]. Bayesian multi-
variate regression models of adjusted APM predicted by the lesion 
network adjacency matrix yielded a fit with R2 0.640. It is important 
to note that these regression analyses are not independent of the 

NBS model: they do not provide further evidence but rather qualify 
its fidelity.

Generative hierarchical stochastic block modelling of APM 
performance

The foregoing models inevitably conflate the distributed spatial 
structure of the underlying neural dependence with that of the cau-
sal pathology. To disentangle the two, we need a network model 
capable of separating the target effects of APM performance from 
the incidental effects of lesion co-occurrence. This can be achieved 
with a layered nested stochastic block model, where adjusted APM 
and lesion co-occurrence weights are distributed in two distinct 
layers, yielding layer-specific patterns of community structure re-
flecting the distinct effect of each weight on the network. This mod-
el achieved substantially lower entropy—881 118.22 versus 
1 182 697.66 nats—than a null model with weights randomised 
across the two layers (Fig. 4), providing inferential support for dis-
tinguishing adjusted APM from co-occurrence effects. This trans-
lates to a posterior odds ratio of the layered formulation being 
×10301579 more likely than the non-layered null.

The community structure was composed of blocks dominated 
by adjusted APM, lesion co-occurrence, or neither weight. The ad-
justed APM layer revealed a set of brain communities with high 
edge incidence linking the right middle and inferior frontal gyrus 
(including pars triangularis), right pre- and post-central gyri, and 
—weakly—the right superior parietal lobule. These communities 
were sharply distinct from the lesion weight (Figs 4 & 5).

Many of the spatial constraints on the configuration of lesion 
patterns are imposed by the basic anatomy of the brain and will 
be shared across aetiologies; those that are not will arise as add-
itional heterogeneity the stochastic block model could theoretically 
absorb. To determine if aetiology has a substantial structuring ef-
fect that merits explicit accounting, we reran the model with an 
additional, third layer identifying the aetiology of each lesion. 
This model exhibited far greater description length (2 133 947.48), 
2.4 × that of the above for an increase of this single feature, indicat-
ing a poorer fit to the data and providing no grounds for preference 
over the simpler model. The anatomical pattern of APM-sensitive 
communities was in any event very similar (Supplementary Fig. 3).

Synthetic ground truth evaluation

Bayesian model comparison showed all layered models to be more 
plausible than the null (Supplementary Fig. 4). Compared with 
VLSM, the stochastic block model achieved significantly superior 
results across all domains (P = 0.028) (Supplementary material and 
Supplementary Fig. 5). These experiments also demonstrated 
qualitatively the tendency of VLSM to mislocalize in response to 
the underlying lesion structure, and the ability of the stochastic 
block model to resist it.

Discussion
Our study represents the first large-scale investigation of the dis-
tributed neural substrates of fluid intelligence in the focally injured 
brain. We investigated one of the most widely used fluid intelli-
gence tests, the APM, in the largest number of patients with single, 
focal, unilateral, right or left, frontal or non-frontal lesions and con-
trols. We analysed overall performance, item difficulty and the con-
tribution of MD involvement. For the first time, non-parametric 
Bayesian stochastic block models were used to reveal the intricate 
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community graph structure of lesion deficit networks, disentan-
gling functional from confounding pathological distributed effects.

Similar to other groups21–104 and in-keeping with our previous 
studies70 we adopted a mixed aetiology approach. Previous compari-
son of a large frontal and non-frontal sample with different aetiolo-
gies on the APM and other executive tests showed that aetiology was 
not a strong predictor of frontal or non-frontal deficits.9–105 Hence, 
different aetiologies do not result in more severe impairments 

than others and combining across vascular and tumour pathologies 
is unlikely to significantly distort neuropsychological performance.75

Instead, focal lesions may relate more closely to the region of dam-
age rather than aetiology. Moreover, data from multiple aetiologies 
will tend to attenuate distorting effects arising from pathologically 
driven characteristic patterns of lesion co-occurrence that are widely 
recognized to bedevil both network and focal lesion-deficit studies. 
Indeed, less spatial distortion caused by the structure of the 

Figure 2 Network modelling of fluid intelligence. (A) Network-based statistics identify a significant network associated reduced adjusted APM scores 
(FWER-P < 0.0001). (B) Radial graph of the community structure of the network inferred from a stochastic block model of its statistics shows that the 
network clusters into three discrete components encompassing the superolateral cortical surface, the medial (and inferior) wall and a superior frontal 
gyrus dominant cluster. Nodes are colour-coded in accordance with their stochastic block model cluster. Node size is proportional to node degree 
count. Edge width and colour is proportional to the t-statistic from the model, with a thicker and more yellow line denoting a stronger link between 
a given network connection and a reduced adjusted APM score. ACG = anterior cingulate gyrus; L = left; IFG = inferior frontal gyrus; IFG-pt = inferior 
frontal gyrus pars triangularis; MFG = middle frontal gyrus; OFC = orbitofrontal cortex; PreCg = pre-central gyrus; PoCg = post-central gyrus; R = right; 
SFG = superior frontal gyrus; SPL = superior parietal lobule.
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pathology may be expected if multiple pathologies differing in their 
spatial properties are used.

Though fluid intelligence is widely thought to be dependent on 
the integrity of the frontal lobes, only a handful of focal lesion stud-
ies, based on modest samples, have found impairments following 
frontal lesions.9,21–55 Applying an array of lesion-deficit models to 
large scale data, we found APM performance to be specifically vul-
nerable to the integrity of the right frontal lobe, and largely resist-
ant to damage elsewhere. The left frontal lobe appears to make a 
contribution to APM performance, if a more modest one. We found 

that the performance of the left frontal patients was significantly 
different from healthy controls and non-frontal patients. 
However, the left frontal patients performed significantly better 
than the right frontal patients did.

Our findings speak to the theories of non-frontal involvement in 
fluid intelligence. The proponents of P-FIT have argued that impair-
ment of fluid intelligence should follow lesions of the posterior and 
anterior regions that putatively subserve it.23,24 We found no evi-
dence of such non-frontal causal dependence on APM perform-
ance. It is possible that functional imaging findings merely reflect 

Figure 3 Predicting fluid intelligence from network properties. (A) Violin plots of the adjusted APM scores of patients whose lesions do or do not overlap 
with the inferred network illustrate significantly lower APM scores in the former [R2 0.105, coefficient mean ± SD −0.265 ± 0.068 (95% CI −0.396 to 
−0.129]. (B) Scatter and line plot shows that the degree count of the overlap of a lesion with the inferred network significantly correlates with adjusted 
APM scores within a univariate Bayesian regression model [R2 0.190, coefficient mean ± SD −0.002 ± 0.0005 (95% CI −0.00250 to −0.00041]. (C) Histogram 
of the edge t-statistics from the network model illustrates the population of edges significantly associated with the APM after multiple comparisons 
correction. (D) Scatter and line plot shows the predictability of adjusted APM from the network adjacency matrix within a multivariate Bayesian model 
(R2 0.640).
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Figure 4 Generative stochastic block models of fluid intelligence. (A) Radial graphs of stochastic block models with adjusted APM and lesion co- 
occurrence layered (top), versus randomly distributed across layers (bottom). Edge colour and width is proportional to the associated edge weight. 
Model entropy favoured the layered over the null model. (B) Radial graph illustrating the layered stochastic block model fit with edge colour and width 
proportional to the lesion co-occurrence weight, and node colour and size proportional to the lesion-weight degree. This demonstrates a community of 
highly interconnected voxels involving the bilateral frontal pole and orbitofrontal cortex, right superior and inferior frontal gyrus and anterior cingu-
late gyrus. (C) Radial graph illustrating the layered stochastic block model fit with edge colour and width proportional to the adjusted APM weight, node 
colour and size proportional to the APM-weight degree. This illustrates a characteristically different segregation of brain communities, with high edge 
incidence linking the right middle and inferior frontal gyrus, (including pars triangularis), right pre-central gyrus and right superior parietal lobule. 
Brain images are overlayed corresponding to the posterior mean edge weight at these communities. ACG = anterior cingulate gyrus; L = left; IFG = in-
ferior frontal gyrus; IFG-pt = inferior frontal gyrus pars triangularis; MFG = middle frontal gyrus; OFC = orbitofrontal cortex; PreCg = pre-central gyrus; 
PoCg = post-central gyrus; R = right; SFG = superior frontal gyrus; SPL = superior parietal lobule.
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a correlation between fluid intelligence and posterior areas non- 
critically engaged by the necessary perceptual input.

Our results are also relevant for the MD proposal. Notably, 
Woolgar et al.79 investigated 80 patients with cortical lesions with 
a fluid intelligence task (Cattell Culture Fair IQ test). Though the 
authors reported a significant correlation between MD involvement 
and fluid intelligence performance overall, in the 44 patients with 
purely frontal damage the relationship was not significant when 
non-MD lesion volume was taken into account. So, as far as the 
frontal lobes are concerned, the authors’ theoretical claim was 
not strongly empirically supported. In our study patients with or 
without MD damage did not differ significantly in performance on 
the APM. Moreover, the extent of MD involvement did not contrib-
ute to performance. These findings do not support the claim that 
MD is the seat of fluid intelligence, but neither do they exclude it: 
absence of evidence is not evidence of absence. In this context, 
we note that the Woolgar et al.79 study included 30 non-frontal pa-
tients. Of these only seven were patients with unilateral parietal le-
sions, whilst two patients had biparietal lesion. In contrast, our 
non-frontal sample includes 81 patients, of which 20 have a unilat-
eral parietal lesion. Hence, our study has far greater coverage of 
non-frontal MD areas than Woolgar’s study. While we cannot rule 

out the possibility that lower power may be a factor relevant for 
our conclusion regarding weak contributions from non-frontal 
MD lesions, our sample is larger than that of the study, which pro-
duced the opposite conclusions. Moreover, the Woolgar et al. study 
reported for their parietal patients that MD lesion volume was a sig-
nificant predictor for performance on fluid intelligence with and 
without non-MD lesion volume partialled out (r = −0.65, P = 0.042; 
r = −0.63, P = 0.035, respectively). We were not able to replicate 
this effect in our larger group (r = −0.063, P = 0.811; r = −0.17; P = 
0.950).

Our findings of greater involvement of the right frontal lobe in 
APM performance were complemented and extended by our neu-
roimaging analyses. Both conventional network statistics and non- 
parametric Bayesian stochastic block modelling heavily implicated 
the right frontal lobe. Crucially, this localisation was confirmed on 
explicitly disentangling—uniquely in the field of lesion-deficit 
mapping—functional from pathology-driven effects within a 
layered stochastic block model, prominently highlighting a right 
frontal network including the middle and the inferior frontal gyrus, 
including pars triangularis, and pre- and post-central gyri, with a 
comparatively weak contribution from superior parietal lobule. 
The marked structuring effects of lesion co-occurrence observed 

Figure 5 Network communities sensitive to fluid intelligence. A. Axial slices of the mean posterior edge weight for each block at the l1 aggregation, with 
more red-orange areas corresponding to a greater value and greater relation to adjusted APM. B. Scatterplot illustrating the relationship between pos-
terior mean edge weights at each community block, for both the lesion weight (y-axis) and adjusted APM (x-axis), with brain reconstructions overlaying 
these findings. Of note, bilateral frontal-based blocks depicted higher lesion-weight edges, with right fronto blocks more implicating APM. ACG = an-
terior cingulate gyrus; L = left; IFG= inferior frontal gyrus; IFG-pt = inferior frontal gyrus pars triangularis; MFG = middle frontal gyrus; OFC = orbito-
frontal cortex; PreCg = pre-central gyrus; PoCg = post-central gyrus; R = right; SFG = superior frontal gyrus; SPL = superior parietal lobule.
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highlight the importance of explicitly modelling them in lesion- 
deficit inference, whether in the context of network or focal 
analysis.

Standard PLSM analyses, potentially confounded by lesion co- 
occurrence effects, suggested that poorer performance was asso-
ciated with damage to a right frontal network including posterior 
middle frontal gyrus, pars opercularis, precentral gyrus, superior 
corona radiata and external capsule, invariantly to the degree of 
MD involvement. That a similar set of RF regions were implicated 
in Hayling suppression errors, a verbal test, suggests that function 
lateralization in the frontal lobes is not explained by task sensitivity 
to language alone.

Behaviourally we found a highly significant interaction between 
item difficulty and frontal lesion lateralisation. The asymmetry in 
performance was nearly three times greater for the middle than 
for the highest level of difficulty, with neither population nearing 
the ceiling or floor. Why might that be?

While complete agreement is lacking, factor analyses of pro-
gressive matrices indicate at least two material components. 
Dillon et al.106 identify a factor related to ‘perceiving the progres-
sion of a pattern’ (p.1301), and another to ‘the addition and/or 
subtraction of elements’. Lynn et al.107 offer ‘Gestalt continu-
ation’, following Van der Ven and Ellis,108 and ‘verbal-analytic 
reasoning’, respectively. It is apparent that the three medium 
items (3, 5, 6) of the APM showing the greatest lateralisation, are 
all those where perceiving the progression of a pattern is an obvi-
ous approach. By contrast, the non-ceiling items with the smal-
lest lateralization (10, 11, 12) are all those where addition or 
subtraction come into play. Though the limited number of items 
precludes firm conclusions on factorisation, these findings sug-
gest the components of APM may lateralise in different ways. 
Inferences involving the perception of a progressive pattern 
may be especially sensitive to the integrity of the right frontal 
network.

In conclusion, our study represents the most robust investi-
gation of the hitherto poorly characterized fluid intelligence in 
patients with single, focal, unilateral lesions. Our approach of 
combining novel graph-based lesion-deficit mapping with 
detailed investigation of APM performance in a large sample 
of patients provides crucial information about the neural basis 
of fluid intelligence. We suggest that a right frontal network, 
rather than a wide set of regions distributed across the brain, 
is critical to the high-level inferences, based on perceiving 
pattern progression, involved in fluid intelligence. Our 
findings further corroborate the clinical utility of APM in evalu-
ating fluid intelligenceand identifying right frontal lobe 
dysfunction.
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