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Abstract 
Background: Intracranial suppurative infections (ISIs) are conventionally 
classified by anatomical compartment—brain abscess, subdural empyema, ex-
tradural empyema—a taxonomy that captures neither the heterogeneity of 
routes of infection nor the diversity of care pathways. No previous study has 
examined whether unsupervised learning can redefine clinically meaningful 
phenotypes of ISI beyond conventional anatomical categories, and none has 
done so in an African cohort. Methods: We analysed 150 consecutive obser-
vations (148 patients) of ISI managed at Bouaké University Hospital, Côte 
d’Ivoire, between 2016 and 2026. In the primary analysis, nineteen pre-thera-
peutic variables spanning host factors, symptom-to-admission delay, neuro-
logical severity, grouped portal of entry, lesion type and lesion burden were 
entered into a factor analysis of mixed data (FAMD); the origin of the suppu-
ration, almost collinear with the portal of entry, was removed, and the speci-
fication including both was kept as a sensitivity analysis. Phenotypes were de-
rived by K-means clustering on the retained factor coordinates, with Ward 
clustering on the same Euclidean coordinates and partitioning around me-
doids (PAM) on Gower distances as concordance checks. The reproducibility 
of the whole pipeline was assessed by repeated nested cross-validation, impu-
tation, FAMD and K-means being re-estimated in every training set. In-hos-
pital mortality and functional status were analysed as separate outcomes, and 
the incremental prognostic value of phenotype beyond GCS and age was as-
sessed with optimism correction by bootstrap (1000 replicates). Results: In the 
primary non-redundant specification, a four-class solution was retained (sil-
houette 0.296). Its concordance with the dual-coded partition was moderate 
(adjusted Rand index [ARI] 0.325), and the frontal-interhemispheric sino-
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genic subdural empyema phenotype was the most robust (28 of 33 observa-
tions recovered). PAM on Gower distances identified four groups of 48, 36, 34 
and 32 observations (silhouette 0.312; ARI with FAMD-K-means 0.671). Out-
of-sample agreement of the complete pipeline was 87.6% ± 4.8% (mean ARI 
0.79 ± 0.09). The dual-coded specification, used for detailed characterisation, 
separated community-acquired brain abscess of ENT-dental or cryptogenic 
origin (n = 54), delayed post-traumatic suppuration (n = 33; median delay 29 
days), sinogenic subdural empyema (n = 33; craniotomy 91%, external ven-
tricular drainage 24%) and post-operative suppuration (n = 30; Gram-nega-
tive-enriched microbiology). In-hospital mortality ranged from 5.6% to 18.2% 
across phenotypes (p = 0.29). Among 126 evaluable survivors, 41 (32.5%) had 
a GOS ≤ 3, ranging from 19.2% to 40.0% across phenotypes (p = 0.38). Adding 
phenotype to GCS and age raised the optimism-corrected AUC by 0.009 only, 
for mortality (0.754 to 0.763) as for functional status (0.794 to 0.803), without 
gain in Brier score or calibration. Conclusions: Unsupervised learning delin-
eated clinically recognisable ISI phenotypes, organised mainly by the mecha-
nism of infection and the care pathway and corroborated by a microbiological 
distribution that was never used to build them. Once the dual coding of the 
mechanism was removed, only the sinogenic subdural empyema phenotype 
was consistently reproduced; the other groupings remained conditional on the 
weight given to the mechanism. Phenotype added little prognostic information 
to admission GCS and age. Phenotype-aware triage, rather than phenotype-
based prognostication, is the defensible clinical application of these results, 
and external validation in multicentre African cohorts is required before im-
plementation. 
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1. Introduction 

Intracranial suppurative infections (ISIs) form a heterogeneous group of focal in-
fections of the central nervous system, comprising brain abscess, subdural empy-
ema, extradural empyema, ventriculitis and pre-suppurative cerebritis [1]-[3]. 
Despite advances in cross-sectional imaging and antibiotic therapy, their mortal-
ity remains between 10% and 20% in contemporary series, and neurological se-
quelae affect nearly one survivor in two [4]-[8]. The European guidelines pub-
lished in 2024 clarified the diagnostic and therapeutic strategy for brain abscess 
[9], but rest almost exclusively on data from high-income countries. 

Yet it is in sub-Saharan Africa that a major share of the burden of this condition 
is concentrated, under very different conditions of practice. The Lancet Commis-
sion on Global Surgery established that five billion people have no access to safe, 
affordable surgery [10], and the analysis of global neurosurgical capacity esti-
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mated at more than five million the annual number of essential neurosurgical op-
erations not performed, the great majority in Africa and South-East Asia [11]. In-
tracranial suppurative infections belong precisely to the core of essential neuro-
surgical conditions—curable at low cost and severely disabling in the absence of 
care—whose integration into universal health coverage benefit packages is now 
recommended [12]-[14]. In such settings, mortality and sequelae stem less from 
the sophistication of the procedure than from delays in seeking care, fragmenta-
tion of pathways and the scarcity of microbiological documentation [15]-[20]. 

The usual classification of ISIs is anatomical. It separates collections according 
to the compartment involved and, on that basis, guides the surgical procedure. It 
nonetheless accounts imperfectly for clinical reality: a sinogenic subdural empy-
ema in a child, an otogenic temporal abscess in an adult and a surgical-site sup-
puration after craniotomy may share a compartmental label, but they share nei-
ther the same portal of entry, nor the same kinetics, nor the same microbial ecol-
ogy, nor the same care pathway [19] [21]-[27]. Conversely, lesions in different com-
partments may arise from a common causal mechanism. This mismatch between 
lesional taxonomy and pathophysiological reality limits the comparability of se-
ries and the design of trials. 

The great majority of work devoted to ISIs uses supervised methods: an out-
come variable is fixed a priori—most often mortality—and regression models seek 
its determinants. This approach has produced a robust, repeatedly confirmed re-
sult, the prognostic value of the initial Glasgow score [6] [7] [28], but it is struc-
turally unable to reveal the internal organisation of the population studied: it de-
scribes the relationship between variables and an outcome, not the natural group-
ings of patients. Unsupervised learning answers a different and complementary 
question: with no outcome variable, it lets the multidimensional configuration of 
the observations itself determine the groupings [29]. This approach has profoundly 
renewed the description of sepsis [30], acute respiratory distress syndrome [31] 
[32], adult diabetes [33], asthma [34] and heart failure with preserved ejection frac-
tion [35], by identifying subgroups whose mechanism, trajectory and sometimes 
treatment response differed to the point that some trials reanalysed a posteriori 
revealed opposite treatment effects according to subphenotype [32]. Its value in 
neurosurgical infectious disease has never been assessed. 

To our knowledge, no published study has examined whether unsupervised 
learning could redefine clinically meaningful phenotypes of intracranial suppura-
tive infections beyond conventional anatomical classifications, and no African co-
hort of ISI has been the subject of such an analysis. We use clinical phenotype here 
to denote a reproducible subgroup of patients sharing similar observable charac-
teristics, independently of the underlying biological mechanisms [29]. In this 
work, phenotypes correspond to the latent classes identified by the unsupervised 
algorithm; the term is used in preference to class, group or cluster, the latter used 
only where the technical context requires it. Finally, it is important to distinguish 
prediction from phenotyping: the former estimates an outcome fixed a priori from 
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input variables, the latter describes the latent organisation of a population with no 
outcome variable. This work belongs exclusively to the second register. 

The aim of this work was to identify, by unsupervised classification applied to 
admission data alone, the clinical phenotypes naturally present within a monocen-
tric Ivorian cohort, to characterise their epidemiological, lesional, therapeutic, mi-
crobiological and outcome profile, and to assess whether this classification added 
prognostic information beyond the initial Glasgow score. 

2. Patients and Methods 
2.1. Study Type and Setting, Participants 

This was an observational cohort study, both descriptive and analytical, with mixed 
retrospective and prospective recruitment, conducted over a ten-and-a-half-year 
period from 1 January 2016 to 30 June 2026 in the Department of Neurosurgery 
of Bouaké University Hospital (Côte d’Ivoire). The retrospective phase covered 
inclusions up to 31 December 2024; data collection became prospective from 1 
January 2025. The analysis presented here is a secondary, exploratory analysis of 
the database assembled for this cohort. All patients managed for an intracranial 
suppurative infection documented clinically and by cross-sectional imaging (com-
puted tomography and/or MRI) were included, whatever the age, the portal of 
entry and the therapeutic strategy. No eligible episode was excluded. The unit of 
analysis was the observation, i.e., the hospitalisation episode; two patients having 
presented two distinct episodes, 150 observations corresponding to 148 patients 
were analysed. 

The sample size was not determined a priori: it corresponds to the exhaustive 
set of eligible episodes recorded in the centre over a decade. This exhaustiveness 
limits the risk of selection within the hospital cohort, but excludes neither a refer-
ral bias, nor an access-to-care bias, nor the non-inclusion of patients who died 
before transfer or who never accessed imaging; the series therefore constitutes a 
hospital sample of the broader target population of intracranial suppurative infec-
tions occurring in the region. 

There is no universally accepted method to determine a priori the sample size 
required for an unsupervised classification analysis: the stability of a partition de-
pends on the number and type of variables, on the actual separability of the groups 
and on the algorithm used [36] [37], and the available formal rules concern su-
pervised prognostic models [38]. Given the ratio of sample size to the number of 
candidate variables, a prior dimensionality reduction and several complementary 
robustness assessments were implemented. 

The report follows the STROBE recommendations [39] [40]. For the machine-
learning component, the transparency principles of the TRIPOD + AI framework 
relating to preprocessing, the choice of the number of classes and the assessment 
of stability were applied [41], and the relevant items of PROBAST + AI [42] and 
of the FUTURE-AI framework [43] guided the description of robustness and ex-
plainability. It should be stressed, however, that these three frameworks, like MI-
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CLAIM [44], DECIDE-AI [45], CONSORT-AI [46] and SPIRIT-AI [47], were de-
signed for supervised prognostic models and for the clinical evaluation of AI-
based interventions; none applies literally to a descriptive unsupervised analysis. 
They were therefore used as a transparency framework and not as a compliance 
checklist, and no claim of formal conformity is made. 

2.2. Variables Retained for the Classification 

The guiding principle of the selection was priority over the therapeutic decision. 
Only variables available at the end of the initial work-up (history, admission clin-
ical examination, first cross-sectional imaging) were retained, to the exclusion of 
any therapeutic, microbiological or outcome variable. This choice avoids the cir-
cularity of deriving classes from management or outcome and then comparing 
them on those same dimensions; it also reserves the microbiological data for the 
role of external validation. 

Twenty candidate variables were considered, spanning five domains (Table 1): 
host factors (age, immunocompromise), the symptom-to-admission delay, initial 
neurological severity (GCS, impaired consciousness, focal motor deficit, seizures, 
fever), the portal of entry and origin of the suppuration, and lesion burden (type 
of collection, ventriculitis, scalp suppuration, maximum diameter, multiplicity, 
mass effect, hydrocephalus, topography). The origin of the suppuration and the 
grouped portal of entry proved almost deterministically associated (Cramér’s V = 
0.989), the latter being a refinement of the former. To avoid giving a double weight 
to the mechanism of infection, the primary analysis used nineteen variables: the 
origin was removed and the grouped portal of entry retained. The twenty-variable 
specification including both, hereafter called the dual-coded specification, was 
kept as a sensitivity analysis. Variables of extreme prevalence (<3% or >90%), re-
dundant variables, or those with a missing-data rate above 20% were excluded 
from the classification phase and reserved for post-hoc characterisation. Portals 
of entry were grouped into five categories (ENT-dental, post-traumatic, post-op-
erative, cutaneous/scalp, haematogenous/cryptogenic) and topographies into five 
categories, in order to avoid categories with zero counts within the classes. 

2.3. Missing Data 

Among the twenty classification variables, only one contained missing data: the 
maximum lesion diameter (6 values, i.e. 4.0% of observations and 0.2% of all cells). 
No other retained variable was incomplete. 

These values were imputed by the cohort median. This choice, ordinarily de-
batable, is justified here by three arguments. First, multiple imputation by chained 
equations [48] or by random forests [49] derives its superiority from exploiting 
correlations between variables and from propagating imputation uncertainty into 
subsequent estimates [50]; yet the primary analysis is a classification, not an infer-
ential procedure producing standard errors, so that the main benefit of multiple 
imputation—appropriately widened confidence intervals—is moot. Second,  
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Table 1. Candidate variables for the unsupervised classification (n = 20; 19 in the primary 
specification). 

Domain Variable Type Missing data 

Host factors Age (years) Quantitative 0% 

Host factors Immunocompromise Binary 0% 

Delay Symptom-to-admission delay (days) Quantitative 0% 

Clinical severity Admission GCS Quantitative 0% 

Clinical severity Impaired consciousness Binary 0% 

Clinical severity Focal motor deficit Binary 0% 

Clinical severity Seizures Binary 0% 

Clinical severity Fever Binary 0% 

Origin 
Origin of the suppuration, sensitivity 

analysis only (3 categories) 
Categorical 0% 

Origin Grouped portal of entry (5 categories) Categorical 0% 

Lesional Brain abscess Binary 0% 

Lesional Subdural empyema Binary 0% 

Lesional Extradural empyema Binary 0% 

Lesional Ventriculitis Binary 0% 

Lesional Scalp suppuration Binary 0% 

Lesional Mass effect Binary 0% 

Lesional Hydrocephalus Binary 0% 

Lesional Multiple collections Binary 0% 

Lesional Maximum lesion diameter (mm) Quantitative 4.0% 

Lesional Grouped topography (5 categories) Categorical 0% 

Categories of the categorical variables—Origin: community/spontaneous, post-traumatic, 
post-operative. Portal of entry: ENT-dental, post-traumatic, post-operative, cutane-
ous/scalp, haematogenous/cryptogenic. Topography: frontal, parietal, temporal, interhe-
mispheric, other/posterior. 

 
multiple imputation would have produced m datasets potentially associated with 
different partitions; although consensus methods exist, their implementation is 
not standardised for this type of exploratory analysis and would have introduced 
complexity disproportionate to the observed missing-data rate. Third, and deci-
sively, the proportion of affected values is too small for the choice of method to 
influence the structure: this point was verified empirically (§ 2.8). 

2.4. Dimensionality Reduction 

The mixed nature of the data—four quantitative variables, thirteen binary varia-
bles and two categorical variables in the primary specification, three in the dual-
coded specification—precluded a classical principal component analysis. A factor 
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analysis of mixed data (FAMD) was therefore performed [51], which generalises 
PCA to quantitative variables and multiple correspondence analysis to qualitative 
variables, weighting each group so that none mechanically dominates the first 
axes. Quantitative variables were standardised, and qualitative categories were 
weighted by the inverse of their frequency. 

FAMD was preferred to principal component analysis, inapplicable to qualita-
tive variables, and to multiple correspondence analysis alone, which would have 
required arbitrarily discretising the quantitative variables and losing the ordering 
information; it was also preferred to multiple factor analysis, suited when varia-
bles are organised into a priori thematic groups whose influence one wishes to 
balance, which was not our setting. FAMD jointly models continuous and quali-
tative variables while balancing their respective contributions to the latent space, 
preventing one data type from mechanically dominating the solution. 

The number of retained components was set at four, in the absence of a clear 
break in the scree plot, on the basis of the stability of the classification solutions 
obtained on 3 to 8 components. In the dual-coded specification, these four axes 
concentrated 37.9% of the total inertia. 

2.5. Unsupervised Classification 

The primary classification was performed by the K-means algorithm applied to 
the factor coordinates of the first four FAMD components, with 500 random ini-
tialisations (k-means++ method) and a fixed seed, to ensure reproducibility. 

The K-means algorithm has known limitations: it assumes approximately 
spherical classes of comparable dispersion, it is sensitive to outliers and it requires 
the number of classes to be fixed a priori. It was nonetheless retained for its trans-
parency, its reproducibility and its wide use in clinical phenotyping [29], and its 
limitations were offset by systematic comparison with methods not sharing the 
same assumptions: Ward hierarchical clustering, which imposes no shape on the 
classes, and a clustering on Gower distances computed without dimensionality 
reduction. Gaussian mixture models or a latent class analysis would have been 
legitimate alternatives; however, their implementation on 150 observations and 
twenty variables would have entailed a higher risk of over-parameterisation. 

Two concordance analyses were performed. The first was a hierarchical ag-
glomerative classification using the Ward criterion [52], applied to the same factor 
coordinates and assessed by the cophenetic correlation. The second was a parti-
tioning around medoids (PAM) [53] on a matrix of Gower distances [54], com-
puted directly on the nineteen raw variables of the primary specification, without 
dimensionality reduction. Ward’s criterion minimises the within-cluster variance 
and therefore requires Euclidean distances; it was applied only to the FAMD fac-
tor coordinates and no longer to Gower dissimilarities. The PAM analysis consti-
tutes the most demanding robustness test, since it borrows nothing from the 
FAMD. Concordance between partitions was quantified by the adjusted Rand in-
dex (ARI) [55]. 
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2.6. Choice of the Number of Classes and Assessment of Stability 

The number of classes was determined jointly by five criteria: the silhouette coef-
ficient, mean and per class [56], the Calinski-Harabasz index [57], the Davies-
Bouldin index [58], the gap statistic [59] with 100 uniform reference datasets, and 
the clinical interpretability of the solutions. 

Stability was assessed class by class using Hennig’s method [60], by non-para-
metric bootstrap resampling (500 resamples). For each resample, a new K-class 
classification was computed, then the whole set of original observations—includ-
ing those not drawn—was re-assigned to the nearest centroid of this new solution, 
in accordance with the supervised classification step provided for by the proce-
dure. The maximum Jaccard index between each reference class and the classes of 
the resample was then computed, then summarised by its mean and its distribu-
tion. By the usual thresholds, a value above 0.85 indicates a highly stable class, a 
value between 0.75 and 0.85 a stable class, between 0.60 and 0.75 a real but imper-
fectly delineated structure, and below 0.60 an unstable class. 

The supervised separability of the phenotypes was examined descriptively by a 
random forest [61] of 2000 trees re-assigning each observation to its class from 
the base variables alone. Its performance was assessed by out-of-bag error and by 
ten-fold stratified cross-validation, with overall and balanced accuracy, area under 
the ROC curve in a one-versus-all approach, multiclass Brier score [62] and con-
fusion matrix. As the phenotype labels had been determined once and for all on 
the complete cohort, cross-validation assessed only the ability of the supervised 
classifier to reproduce these fixed labels: this is not a nested cross-validation of the 
whole phenotyping pipeline. A high accuracy therefore indicates that the assign-
ment obtained by the unsupervised procedure can be reliably approximated by a 
supervised function of the initial variables—i.e. that the classes are internally sep-
arable—but demonstrates neither their reproducibility in an independent popu-
lation, nor their prospective clinical utility. Variable importance (mean decrease 
in impurity) is reported descriptively and must be interpreted with caution, this 
measure being sensitive to the type and number of categories of the variables. 

Because such fixed labels already carry information from the observations held 
out in each fold, the internal reproducibility of the complete phenotyping pipeline 
was assessed separately by repeated nested cross-validation (ten folds, twenty rep-
etitions, i.e. 200 outer folds). Within each fold, median imputation, FAMD and 
K-means (K = 4) were re-estimated on the training observations only; the test ob-
servations were then projected into the factor space learned on the training set 
and assigned to the nearest training centroid. Test assignments were compared 
with the full-cohort partition after optimal matching of the labels, and the out-of-
sample agreement and the ARI were summarised by their mean and standard de-
viation across outer folds. 

2.7. Low-Dimensional Representation 

A UMAP projection (Uniform Manifold Approximation and Projection) [63] was 
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carried out for exclusively descriptive purposes, with 15 neighbours and a mini-
mum distance of 0.1, from the FAMD factor coordinates. It is explicitly stressed 
that UMAP was not used to define the classes: the inter-cluster distances and the 
areas occupied in a UMAP plane are not quantitatively interpretable. 

2.8. Sensitivity Analyses 

Five sensitivity analyses were conducted, the first four of which were pre-speci-
fied. First, the classification was repeated on the complete observations for all 
quantitative variables only (n = 144), without any imputation, and the resulting 
partition compared with the main partition by the adjusted Rand index. Second, 
four different sets of classification variables were compared as to the quality and 
interpretability of the partitions produced. Third, the three-, five- and six-class 
solutions were examined. Fourth, the classification was repeated on 3 to 8 factor 
components. Fifth, the classification was repeated with the dual-coded specifica-
tion, which includes both the origin of the suppuration and the grouped portal of 
entry. 

The detailed clinical, therapeutic, microbiological and outcome characterisa-
tion (Tables 2-6 and Figures 1-5), as well as the first four sensitivity analyses, 
concern the four phenotypes of the dual-coded specification. These phenotypes 
were retained for descriptive purposes because they carry the clinical labels used 
throughout the discussion; the primary non-redundant solution is reported 
through its validity indices, its reproducibility and its correspondence with these 
phenotypes. 

2.9. Comparisons between Phenotypes 

Quantitative variables were described by the median and the interquartile range, 
and compared by the Kruskal-Wallis test; qualitative variables by the count and 
percentage, compared by the Fisher-Freeman-Halton exact test (exact enumera-
tion for two-category variables, Monte-Carlo simulation with 20,000 resamples 
for variables with more than two categories), several contingency tables contain-
ing sparse or zero cells. Given the exploratory nature of the analysis and the mul-
tiplicity of comparisons, the p-values are presented descriptively. The share of var-
iance explained by the phenotype was estimated by the correlation ratio η2, de-
rived from the one-way analysis-of-variance decomposition and reported as an 
effect size only; all p-values for quantitative variables are those of the Kruskal-
Wallis test. 

Two primary outcomes were analysed separately. The first was in-hospital mor-
tality, available for all 150 observations. The second was functional status, defined 
as a GOS ≤ 3 at the last assessment among survivors with an available GOS (com-
plete-case analysis). The eight missing GOS values were treated as missing, not as 
favourable, and two extreme scenarios—all missing values favourable, or all unfa-
vourable—served as sensitivity analyses. The composite of death or GOS ≤ 3 was 
retained as an exploratory outcome only, since its two components refer to differ-
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ent observation windows. Given the small number of deaths (16), the associations 
between phenotype and outcome were estimated by Firth-penalised logistic re-
gression [64] [65], alone or adjusted for an admission GCS < 9 and for age. The 
confidence intervals of the proportions were computed by the Wilson method. 
The significance threshold was set at 0.05 two-sided, without correction for mul-
tiplicity given the exploratory nature of the study; the p-values must be read as 
descriptive. 

The incremental prognostic value of the phenotype was then assessed formally, 
separately for each primary outcome, by comparing two nested logistic models: 
M0, including GCS and age, and M1, including GCS, age and phenotype. Discrim-
ination (area under the ROC curve), overall accuracy (Brier score) and calibration 
(calibration intercept and slope) were corrected for optimism by bootstrap inter-
nal validation with 1000 replicates [66]: in each replicate, both models were refit-
ted on the bootstrap sample and evaluated on the bootstrap sample and on the 
original sample, and the mean optimism was subtracted from the apparent per-
formance. Given the small number of events, the models were kept deliberately 
parsimonious and the mortality estimates are regarded as imprecise. 

2.10. Reproducibility 

The analyses were carried out under Python 3.12 (Ubuntu 24.04), with scikit-learn 
1.8, prince, umap-learn, scipy 1.17 and statsmodels. A single random seed (42) 
was fixed for the whole pipeline. The complete algorithm parameters are detailed 
in Supplementary Table S1: FAMD with 10 computed components and 15 itera-
tions, of which the first 4 were retained; K-means with 500 initialisations (k-
means++), default tolerance and maximum number of iterations, convergence 
achieved in all cases; Ward hierarchical classification on Euclidean distances; 
UMAP with 15 neighbours and a minimum distance of 0.1; random forest with 
2000 trees without depth limitation. PAM was applied to Gower distances com-
puted on the nineteen variables of the primary specification; the nested cross-val-
idation used ten folds repeated twenty times; the optimism correction used 1000 
bootstrap replicates. Binary variables were treated as two-category qualitative var-
iables in the FAMD. Preprocessing comprised a check of duplicates, distributions 
and categories with a frequency below 3%, grouped as indicated above; no obser-
vation was excluded on the grounds of extreme values. The analysis code and the 
pseudonymised data are available from the corresponding author. 

2.11. Ethical Considerations 

The protocol was conducted in accordance with the Declaration of Helsinki. Data 
were extracted in a pseudonymised manner. The study was approved by the Insti-
tutional Ethics Committee of Bouaké University Hospital (reference CEI/CHU-
BKE/119/2025, favourable opinion notified on 16 August 2026). Informed con-
sent was obtained for the prospective inclusions (2025-2026); a waiver of consent 
was granted for the retrospective phase, the data having been pseudonymised. 
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3. Results 
3.1. Population 

One hundred and fifty observations corresponding to 148 patients were analysed. 
The median age was 26 years (IQR 14 - 50), with 40 observations (26.7%) younger 
than 15 years; the sex ratio was 2.3. The median delay between symptom onset 
and admission was 19 days (IQR 15 - 25). The median admission GCS was 13 
(IQR 10 - 15), with 19 patients (12.7%) having a GCS < 9. Brain abscess was pre-
sent in 93 cases (62%), subdural empyema in 27 (18%) and extradural empyema 
in 25 (17%)—these three lesion types being coded as non-exclusive presence in-
dicators, an associated form being counted in each type concerned. In the epide-
miological analysis of the same cohort, based on the dominant lesion type, brain 
abscess accounts for 73 observations (49%), extradural empyema for 20 (13%) and 
subdural empyema for 17 (11%), the multiple or associated forms there constitut-
ing a distinct category. In-hospital mortality was 10.7% (16/150; 95% CI 6.7 - 16.6) 
and unfavourable outcome 38.0% (57/150; 95% CI 30.6 - 46.0). 

3.2. Primary Non-Redundant Classification 

In the primary specification, from which the origin of the suppuration had been 
removed, a four-class solution was retained, with an overall silhouette coefficient 
of 0.296. Its concordance with the dual-coded partition was moderate (ARI 0.325). 
The frontal-interhemispheric sinogenic subdural empyema phenotype was the 
most robust, 28 of the 33 observations of phenotype 3 being recovered in a single 
group, whereas the post-traumatic and post-operative groupings of the dual-
coded specification were redistributed according to lesion type and severity. 

Partitioning around medoids on Gower distances, computed directly on the 
nineteen raw variables, identified four groups of 48, 36, 34 and 32 observations 
(Gower silhouette 0.312), in substantial concordance with the FAMD-K-means 
partition (ARI 0.671). In the repeated nested cross-validation of the complete 
pipeline, in which imputation, FAMD and K-means were re-estimated in each 
training set, the out-of-sample agreement after optimal label matching was 87.6% 
± 4.8% and the mean ARI 0.79 ± 0.09 over 200 outer folds. 

The detailed characterisation that follows (§ 3.3 to § 3.8) concerns the four phe-
notypes of the dual-coded specification, retained for descriptive purposes; their 
dependence on the weight given to the mechanism of infection is examined in § 
3.9. 

3.3. Factor Structure 

In the dual-coded specification, the first four FAMD components concentrated 
respectively 11.9%, 10.7%, 8.1% and 7.2% of the inertia, i.e. 37.9% cumulatively 
(Figure 1(A)). The relatively diffuse inertia is expected with a large number of 
qualitative variables and does not indicate the absence of structure, as confirmed 
by the quality of the partitions obtained. 
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Figure 1. Factor analysis of mixed data. (A) Scree plot and cumulative inertia; four components were retained (37.9% of inertia). 
(B) Projection of the 150 observations onto the first factor plane, coloured by phenotype; the crosses represent the barycentres. 
 

The first axis contrasted post-traumatic suppurations—with delayed presenta-
tion and voluminous collections—with early, pauci-lesional post-operative sup-
purations. The second axis separated ring-enhancing brain abscesses from frontal 
and interhemispheric subdural empyemas associated with hydrocephalus. The 
projection of the observations onto the first factor plane suggested an organisation 
compatible with four groupings, whose barycentres were separated, with residual 
overlap between some observations (Figure 1(B)). 

3.4. Choice of the Number of Phenotypes 

The internal validity indices of the dual-coded specification are detailed in Table 
2. The silhouette coefficient had a local maximum at k = 3 (0.362) and k = 4 
(0.358), clearly higher than at k = 2 (0.285), and rose again only beyond k = 6, to 

 
Table 2. Internal validity indices by number of classes. 

k 
Silhouette 
(K-means) 

Silhouette 
(Ward) 

Calinski-
Harabasz 

Davies-
Bouldin 

ARI K-
means/Ward 

Mean 
Jaccard 

2 0.285 0.285 46.3 1.289 1.000 0.69 

3 0.362 0.361 64.2 1.110 0.958 0.94 

4 0.358 0.356 71.5 1.056 0.958 0.91 

5 0.345 0.324 73.2 0.907 0.779 0.88 

6 0.349 0.335 71.4 0.976 0.659 0.80 

7 0.359 0.344 72.1 0.965 — — 

8 0.370 0.354 75.8 0.979 — — 

ARI: adjusted Rand index. The retained solution is in bold. Stability assessed by the com-
plete Hennig procedure, with 500 bootstrap resamples and re-assignment of all observa-
tions. 
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values (k = 7: 0.359; k = 8: 0.370) at which inter-algorithm concordance was no 
longer assessable. The Calinski-Harabasz index increased up to k = 5, and the Da-
vies-Bouldin index was minimal at k = 5 (0.907) then rose. The gap statistic 
showed no local maximum before k = 8, a classic situation when the structure is 
continuous rather than strictly separated, and therefore did not discriminate be-
tween the solutions. 

The per-class bootstrap stability, assessed by the complete Hennig procedure, 
was high for the four-class solution: mean Jaccard index of 0.91, with per-class 
values of 0.87 (phenotype 1), 1.00 (phenotype 2), 0.83 (phenotype 3) and 0.95 
(phenotype 4). The four classes were thus above the 0.75 threshold defining a sta-
ble class, and three above the 0.85 threshold defining a highly stable class; pheno-
types 2 and 4, the most mechanically homogeneous, reached near-perfect stability, 
whereas phenotype 3 was the most prone to marginal reclassification. Concord-
ance between K-means and Ward reached 0.958 (ARI) for k = 3 as for k = 4, but 
fell to 0.779 as soon as k = 5, indicating that the structure becomes algorithm-
dependent beyond four classes. 

The four-phenotype solution was ultimately retained. At statistical quality equiv-
alent to that of the three-class solution, it isolates post-operative suppuration—an 
entity of specific mechanism, microbial ecology and management—that the three-
class solution merged with community-acquired abscess (ARI between the two 
solutions: 0.635). This choice explicitly favours clinical interpretability at equal 
statistical performance, in accordance with the recommendations on classification 
in medicine. 

3.5. Description of the Four Phenotypes 

The dendrogram of the Ward classification (Figure 2) and the UMAP projection 
(Figure 3(A)) illustrate the retained partition. The standardised profiles are 
shown in Figure 4 and the detailed characteristics in Table 3 and Table 4. 

 

 
Figure 2. Dendrogram of the hierarchical agglomerative classification (Ward criterion, FAMD factor coordinates). The dashed line 
indicates the retained cut-off threshold (K = 4). Cophenetic correlation = 0.717. 
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Figure 3. UMAP projection of the 150 observations. (A) Colouring by the phenotype identified by K-means. (B) Same projection col-
oured by the admission Glasgow score; the red circles identify deaths, whose distribution largely follows the consciousness gradient rather 
than phenotype membership. UMAP is used for descriptive purposes only; inter-cluster distances are not quantitatively interpretable. 
 

 
Figure 4. Standardised phenotype profiles. Each cell represents the mean deviation of the phenotype from the cohort mean, ex-
pressed in standard deviations (z-score). The horizontal lines separate the quantitative, the clinical and lesional, and the therapeutic 
and outcome variables. The therapeutic, microbiological and outcome variables shown here did not participate in the construction 
of the phenotypes: they constitute a post-hoc characterisation. 
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Table 3. Baseline characteristics by phenotype (n = 150 observations). 

Variable P1 (n = 54) P2 (n = 33) P3 (n = 33) P4 (n = 30) Total p 

Epidemiology 

Age, years, median [IQR] 26 [15 - 53] 36 [18 - 51] 19 [9 - 51] 23 [10 - 46] 26 [14 - 50] 0.24 

Age < 15 years, n (%) 12 (22) 6 (18) 11 (33) 11 (37) 40 (27) — 

Male sex, n (%) 30 (56) 26 (79) 23 (70) 25 (83) 104 (69) 0.033 

Rural residence, n (%) 24 (44) 18 (55) 18 (55) 18 (60) 78 (52) 0.55 

Referred patient, n (%) 28 (52) 16 (48) 20 (61) 13 (43) 77 (51) 0.57 

Delay and mode of onset 

Symptom-to-admission delay, days, 
median [IQR] 

19 [15 - 25] 29 [21 - 34] 17 [13 - 20] 15.5 [12 - 19] 19 [15 - 25] <0.001 

Progressive onset, n (%) 18 (33) 24 (73) 7 (21) 1 (3) 50 (33) <0.001 

Host factors 

Immunocompromise, n (%) 4 (7) 3 (9) 6 (18) 0 (0) 13 (9) 0.073 

HIV infection, n (%) 0 (0) 0 (0) 3 (9) 0 (0) 3 (2) 0.027 

Origin and portal of entry 

Community/spontaneous, n (%) 54 (100) 0 (0) 33 (100) 3 (10) 90 (60) <0.001 

Post-traumatic, n (%) 0 (0) 33 (100) 0 (0) 0 (0) 33 (22)  

Post-operative, n (%) 0 (0) 0 (0) 0 (0) 27 (90) 27 (18)  

ENT-dental portal of entry, n (%) 26 (48) 0 (0) 27 (82) 0 (0) 53 (35) <0.001 

Haematogenous/cryptogenic portal of 
entry, n (%) 

26 (48) 0 (0) 2 (6) 0 (0) 28 (19)  

Clinical 

Admission GCS, median [IQR] 13 [10 - 15] 12 [10 - 14] 13 [10 - 14] 14 [12 - 15] 13 [10 - 15] 0.14 

GCS < 9, n (%) 6 (11) 6 (18) 6 (18) 1 (3) 19 (13) 0.21 

Fever, n (%) 33 (61) 20 (61) 23 (70) 18 (60) 94 (63) 0.83 

Raised ICP syndrome, n (%) 39 (72) 24 (73) 28 (85) 16 (53) 107 (71) 0.057 

Impaired consciousness, n (%) 30 (56) 19 (58) 16 (48) 8 (27) 73 (49) 0.048 

Meningeal syndrome, n (%) 0 (0) 0 (0) 5 (15) 2 (7) 7 (5) 0.002 

Focal motor deficit, n (%) 14 (26) 13 (39) 13 (39) 9 (30) 49 (33) 0.48 

Seizures, n (%) 10 (19) 5 (15) 4 (12) 8 (27) 27 (18) 0.51 

Scalp swelling/cellulitis, n (%) 3 (6) 0 (0) 9 (27) 0 (0) 12 (8) <0.001 

Imaging and lesional 

Brain abscess, n (%) 53 (98) 21 (64) 7 (21) 12 (40) 93 (62) <0.001 

Subdural empyema, n (%) 1 (2) 2 (6) 22 (67) 2 (7) 27 (18) <0.001 

Extradural empyema, n (%) 0 (0) 10 (30) 7 (21) 8 (27) 25 (17) <0.001 
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Continued 

Ventriculitis, n (%) 9 (17) 4 (12) 0 (0) 3 (10) 16 (11) 0.070 

Scalp suppuration, n (%) 0 (0) 3 (9) 2 (6) 9 (30) 14 (9) <0.001 

Frontal topography, n (%) 18 (33) 9 (27) 20 (61) 11 (37) 58 (39) <0.001 

Interhemispheric topography, n (%) 0 (0) 0 (0) 9 (27) 0 (0) 9 (6)  

Bilateral/midline involvement, n (%) 0 (0) 0 (0) 9 (27) 0 (0) 9 (6) <0.001 

Multiple collections, n (%) 24 (44) 11 (33) 15 (45) 7 (23) 57 (38) 0.19 

Maximum diameter, mm, median [IQR] 35.5 [30 - 42] 43 [30 - 49] 38 [34 - 43] 33 [27 - 40] 36 [30 - 44] 0.10 

Mass effect, n (%) 40 (74) 26 (79) 30 (91) 14 (47) 110 (73) 0.001 

Midline shift, mm, median [IQR] 1.7 [0 - 3.5] 2.7 [0 - 4.7] 3.3 [1.3 - 4.4] 0 [0 - 1.4] 1.8 [0 - 4.1] 0.012 

Hydrocephalus, n (%) 5 (9) 0 (0) 10 (30) 1 (3) 16 (11) <0.001 

Ring enhancement, n (%) 45 (83) 18 (55) 6 (18) 12 (40) 81 (54) <0.001 

Laboratory 

Leucocytes, G/L, median [IQR] 
15.1 [13.0 - 

16.6] 
14.6 [11.2 - 

16.4] 
15.0 [12.6 - 

17.5] 
14.1 [13.4 - 

17.3] 
14.7 [12.5 - 

16.9] 
0.56 

CRP, mg/L, median [IQR] 95.8 [71 - 127] 91.2 [70 - 113] 90.1 [84 - 129] 94.3 [77 - 112] 92.1 [74 - 124] 0.80 

p-values in bold in the p column are significant at the 0.05 threshold. The marked delay, host-factor, clinical and lesional variables 
served to build the classes; the others (sex, referral status, residence, raised-ICP syndrome, meningeal syndrome, HIV infection, ring 
enhancement, bilateral involvement, leucocytes, CRP) constitute a post-hoc characterisation. Topography was grouped into five 
categories for the purposes of the classification; the frontal frequency of this grouping (58; 39%) reduces to 51 (34%) in the reference 
topographic classification of the cohort (temporal 38; 25%; interhemispheric 9; 6%). Recoding the topography on this scheme and 
repeating the classification leave the partition unchanged (sensitivity analysis, § 3.9). The unit of analysis is the hospitalisation 
episode. Comparisons involving the variables used to build the partition (delay, GCS, origin, portal of entry, type of collection, mass 
effect, hydrocephalus, topography) are descriptive: their p-values do not constitute independent confirmatory tests, since the phe-
notypes were derived from these same variables. Only the variables not used for the classification (microbiology, management, 
outcome) permit an inferential reading. Given the exploratory nature of the analysis, interpretation favours effect sizes and confi-
dence intervals over statistical significance alone. 

 
Table 4. Management and microbiology by phenotype. 

Variable P1 (n = 54) P2 (n = 33) P3 (n = 33) P4 (n = 30) Total p 

Medical-surgical treatment, n (%) 46 (85) 27 (82) 33 (100) 19 (63) 125 (83) <0.001 

Craniotomy, n (%) 31 (57) 21 (64) 30 (91) 14 (47) 96 (64) <0.001 

External ventricular drainage, n (%) 3 (6) 0 (0) 8 (24) 0 (0) 11 (7) <0.001 

Admission-to-surgery delay, days, median [IQR] 2 [1 - 3] 2 [1 - 3] 2 [1 - 3] 2 [1 - 3] 2 [1 - 3] 0.60 

Triple antibiotic therapy, n (%) 22 (41) 33 (100) 9 (27) 20 (67) 84 (56) <0.001 

Corticosteroid therapy, n (%) 12 (22) 11 (33) 11 (33) 2 (7) 36 (24) 0.030 

Osmotherapy, n (%) 21 (39) 16 (48) 13 (39) 6 (20) 56 (37) 0.11 

Duration of antibiotic therapy, weeks, median [IQR] 7 [6 - 8] 6 [6 - 7] 6 [6 - 7] 7 [6 - 8] 7 [6 - 7] 0.16 

Pus sample obtained, n (%) 42 (78) 25 (76) 28 (85) 21 (70) 116 (77) 0.56 
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Continued 

Positive culture (among sampled), n (%) 17/42 (40) 13/25 (52) 9/28 (32) 11/21 (52) 50/116 (43) 0.39 

Streptococcus spp., n (%) 9 (53) 9 (69) 3 (33) 0 (0) 21 (42) 0.0003 

Staphylococcus aureus, n (%) 6 (35) 3 (23) 4 (44) 4 (36) 17 (34)  

Gram-negative bacilli (incl. P. aeruginosa), n (%) 2 (12) 1 (8) 0 (0) 4 (36) 7 (14)  

Coagulase-negative staphylococcus, n (%) 0 (0) 0 (0) 0 (0) 3 (27) 3 (6)  

Polymicrobial flora, n (%) 0 (0) 0 (0) 2 (22) 0 (0) 2 (4)  

Sterile culture, n (%) 25 (60) 12 (48) 19 (68) 10 (48) 66 (57)  

For micro-organisms, percentages are reported relative to the positive cultures of each phenotype (P1: 17; P2: 13; P3: 9; P4: 11; total: 
50), and not to the phenotype size; the organism categories are mutually exclusive, polymicrobial samples being classified as polymi-
crobial flora. The “Sterile culture” row is reported relative to the samples obtained (denominators P1: 42; P2: 25; P3: 28; P4: 21; total: 
116), as is the “Positive culture” row. 
 

Phenotype 1, community-acquired brain abscess of ENT-dental or cryptogenic 
origin (n = 54; 36.0%), was the most frequent phenotype. All suppurations were 
community-acquired or spontaneous, with an ENT-dental portal of entry in 48% 
of cases and haematogenous or cryptogenic in 48%. Brain abscess was present in 
98% of observations and ring enhancement in 83%—the highest value of the four 
groups. Onset was subacute (65%), the median admission delay 19 days, the me-
dian age 26 years and the most balanced sex ratio of the cohort (1.2). Topography 
was diverse (frontal 33%, parietal 26%, temporal 20%, other 20%) and collections 
were multiple in 44% of cases. This phenotype had the lowest mortality (5.6%) 
and the smallest proportion of GCS < 9 (11%). 

In phenotype 2, delayed post-traumatic suppuration (n = 33; 22.0%), all obser-
vations were of post-traumatic origin, secondary to an open head injury or a de-
pressed fracture. This phenotype was distinguished by the longest symptom-to-
admission delay of the cohort (median 29 days; IQR 21 - 34, versus 19 days over-
all), a progressive onset in 73% of cases and the largest lesions (median maximum 
diameter 43 mm; IQR 30 - 49). Male predominance was marked (sex ratio 3.7) 
and the median age the highest (36 years). Extradural empyema was present in 
30% of cases and brain abscess in 64%, with a temporal predominance (48%). Tri-
ple antibiotic therapy was used in all patients of this group. Mortality was 12.1% 
and the follow-up duration the shortest (median 52 days); the respective share of 
a more frequent loss to follow-up, a more recent recruitment or different care 
pathways could not be determined. 

Phenotype 3, frontal-interhemispheric sinogenic subdural empyema (n = 33; 
22.0%), gathered the most severe forms in lesional terms. All suppurations were 
community-acquired, with an ENT portal of entry in 82% of cases. Subdural em-
pyema was present in 67% of observations, frontal topography in 61% and 
interhemispheric in 27%; involvement was bilateral or midline in 27% of cases. 
Mass effect was present in 91% of observations, with the largest midline shift (me-
dian 3.3 mm), and hydrocephalus in 30%. Meningeal syndrome (15%) and scalp 
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swelling or cellulitis (27%) were significantly more frequent here. This phenotype 
had the highest proportion of immunocompromised patients (18%), including all 
the HIV-infected patients of the cohort (9%), and the lowest median age (19 years, 
with 33% of patients under 15 years). Management was systematically medical-
surgical (100%), with craniotomy in 91% of cases and external ventricular drain-
age in 24%. It had the highest mortality (18.2%), the highest proportion of unfa-
vourable outcome (48.5%) and the lowest median GOS (3). 

Phenotype 4, post-operative and surgical-site suppuration (n = 30; 20.0%), 
grouped the infections occurring in the aftermath of a neurosurgical operation 
(post-operative origin in 90% of cases; post-operative portal of entry 87%, cuta-
neous/scalp 13%). It was characterised by the shortest admission delay (median 
15.5 days), the mildest neurological presentation—impaired consciousness in 
only 27% of cases versus 49% overall, GCS < 9 in 3%—and the lowest lesion bur-
den (mass effect 47%, midline shift 0 mm, multiple collections 23%). Scalp sup-
puration was present in 30% of cases. It was the only phenotype for which surgical 
abstention was frequent (medical treatment alone 37%). Its microbiology was dis-
tinct, with the highest proportion of Gram-negative bacilli (36% of positive cul-
tures, including the three Pseudomonas aeruginosa isolates of the cohort), the 
three coagulase-negative staphylococcus isolates and no streptococcus. It had the 
shortest hospital stay (median 9 days), the highest proportion of patients without 
sequelae (60%) and the highest median GOS (5). 

3.6. Concordance between Algorithms and Stability 

The cophenetic correlation of the Ward classification on factor coordinates was 
0.717, indicating good fidelity of the dendrogram to the structure of the distances. 
Concordance between K-means and Ward reached an ARI of 0.958: only three 
observations were classified differently by the two algorithms. 

The PAM classification on Gower distances, computed without dimensionality 
reduction, is reported in § 3.2: being based on the non-redundant variable set, it 
assesses the primary partition, with which it showed substantial concordance 
(ARI 0.671). Ward’s criterion, which requires Euclidean distances, was applied 
only to the FAMD factor coordinates. 

The overall silhouette coefficient of 0.358 lies within the range usually observed 
in clinical phenotyping on mixed data, where values of 0.30 to 0.40 are frequent 
and reflect partially permeable boundaries rather than an absence of structure 
[29]. The mean per-class silhouette coefficient was homogeneous across pheno-
types: 0.378 (phenotype 1), 0.356 (phenotype 2), 0.332 (phenotype 3) and 0.354 
(phenotype 4), for an overall value of 0.358. Only one observation out of 150 
(0.7%), belonging to phenotype 4, had a negative silhouette, i.e. an ambiguous 
assignment with respect to the geometry of the classes. 

Descriptively, a random forest re-assigned the observations to their pheno-
type with an out-of-bag error of 4.7% and a stratified cross-validation accuracy 
of 95.3% (balanced accuracy 94.5%). Internal separability was high for the four 
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classes (one-versus-all AUC from 0.994 to 1.000; macro AUC 0.998) and cali-
bration was satisfactory (multiclass Brier score 0.087; per-class scores from 
0.000 to 0.040). The confusion matrix (Table 5) showed that the seven misclas-
sifications were distributed exclusively between phenotype 3, four observations 
of which were assigned to phenotype 1, and phenotype 4, three observations of 
which were assigned to phenotype 3; phenotypes 1 and 2 were recognised with-
out error (sensitivity 100%). This configuration is consistent with the bootstrap 
stability values, the same classes proving the most permeable by both ap-
proaches. The most discriminating variables were the origin of the suppuration, 
the portal of entry, the presence of a brain abscess, the presence of a subdural 
empyema, then the symptom-to-admission delay (Supplementary Figure S1). 
No single variable alone explained the partition, which rules out the hypothesis 
of a trivial classification reproducing a single input variable. The symptom-to-
admission delay was the only quantitative variable strongly structured by the 
phenotype (η2 = 0.32; Kruskal-Wallis p < 0.001), far ahead of age (η2 = 0.03; p = 
0.24), GCS (η2 = 0.03; p = 0.14) and lesion diameter (η2 = 0.04; p = 0.10), the p-
values being those of Table 3. The random-forest figures measure only the su-
pervised restitution of labels fixed on the whole cohort and must not be read as 
a validation of the clustering; the reproducibility of the complete pipeline is 
given by the nested cross-validation (§ 3.2), whose out-of-sample agreement of 
87.6% is the more realistic estimate. 

 
Table 5. Per-class stability and supervised classifier performance for the dual-coded solution (K = 4). 

Phenotype n 
Mean 

silhouette 

Mean 
bootstrap 
Jaccard 

Median Jaccard 
[IQR] 

Sensitivit
y 

Precision AUC Brier 

P1, Community abscess 54 0.378 0.87 1.00 [0.93 - 1.00] 100% 93.1% 0.997 0.032 

P2, Delayed post-
traumatic 

33 0.356 1.00 1.00 [1.00 - 1.00] 100% 100% 1.000 0.000 

P3, Sinogenic empyema 33 0.332 0.83 0.94 [0.89 - 0.97] 87.9% 90.6% 0.994 0.040 

P4, Post-operative 30 0.354 0.95 0.94 [0.93 - 0.97] 90.0% 100% 0.999 0.014 

Overall 150 0.358 0.91 — 95.3% 95.5% 0.998 0.087 

Confusion matrix (ten-fold stratified cross-validation; rows = observed phenotype, columns = predicted phenotype): 

 P1 P2 P3 P4 

P1 54 0 0 0 

P2 0 33 0 0 

P3 4 0 29 0 

P4 0 0 3 27 

The multiclass Brier score corresponds, for each observation, to the sum of the squared errors over the four class probabilities, 
averaged over all observations; the per-class scores are computed in a one-versus-all approach. Stability: 500 bootstrap resamples, 
Hennig procedure. Classifier: random forest, 2,000 trees, base variables only. AUC: area under the ROC curve in a one-versus-all 
approach. Brier: Brier score (the overall value is the multiclass score). Balanced accuracy: 94.5%. 
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3.7. Management and Microbiological Documentation 

The therapeutic strategy differed significantly between phenotypes (p < 0.001): 
medical-surgical treatment concerned 100% of phenotype 3, 85% of phenotype 1, 
82% of phenotype 2 and 63% of phenotype 4. Craniotomy (p < 0.001) and external 
ventricular drainage (p < 0.001) were concentrated in phenotype 3. The antibiotic 
regimen also differed (p < 0.001), triple therapy being systematic in phenotype 2 
and in the minority in phenotype 3. 

A pus sample was obtained in 77.3% of observations (116/150), with no differ-
ence between phenotypes (p = 0.56). Relative to the samples obtained, culture 
yield ranged from 32.1% (9/28, phenotype 3) to 52.4% (11/21, phenotype 4), with-
out reaching the significance threshold (p = 0.39). Fifty cultures were positive in 
total. 

Relative to positive cultures only, the nature of the organisms isolated—mutu-
ally exclusive categories, polymicrobial samples being classified as polymicrobial 
flora—differed markedly between phenotypes (Fisher-Freeman-Halton exact test 
by Monte-Carlo simulation, p = 0.0003). Streptococci accounted for 53% (9/17) 
of the positive cultures of phenotype 1 and 69% (9/13) of those of phenotype 2, 
but were entirely absent from phenotype 4 (0/11). Conversely, Gram-negative ba-
cilli and coagulase-negative staphylococci were concentrated in phenotype 4. The 
only two polymicrobial floras belonged to phenotype 3. This distribution is con-
sistent with the portals of entry defining each phenotype and provides an inde-
pendent biological corroboration of the partition, the microbiological data not 
having been used to build the classes. It does not constitute an external validation 
in the strict sense, which would require an independent cohort. 

3.8. Outcome 

In-hospital mortality ranged from 5.6% (95% CI 1.9 - 15.1) in phenotype 1 to 
18.2% (95% CI 8.6 - 34.4) in phenotype 3, passing through 10.0% in phenotype 4 
and 12.1% in phenotype 2 (Figure 5(A); exact test p = 0.29). The GOS score was 
available for 142 of the 150 observations; the eight missing values all concerned 
survivors and were distributed as 3, 2, 2 and 1 observations in phenotypes 1 to 4 
(p = 1.00). Among the 126 survivors with an evaluable GOS, 41 (32.5%) had a 
GOS ≤ 3: 16/48 (33.3%) in phenotype 1, 10/27 (37.0%) in phenotype 2, 10/25 
(40.0%) in phenotype 3 and 5/26 (19.2%) in phenotype 4 (exact test p = 0.38). 
Under the extreme assumptions for the missing values, the proportion of unfa-
vourable functional status among the 134 survivors ranged from 30.6% (all eight 
favourable) to 36.6% (all eight unfavourable), which did not modify the overall 
interpretation. The exploratory composite of death or GOS ≤ 3 ranged from 26.7% 
(phenotype 4) to 48.5% (phenotype 3) (Figure 5(B); p = 0.30). 

On unadjusted Firth regression (Table 6), taking phenotype 1 as reference, the 
odds ratio of death was 3.48 (95% CI 0.86 - 14.04; p = 0.080) for phenotype 3, 2.24 
(0.51 - 9.92) for phenotype 2 and 1.87 (0.39 - 9.02) for phenotype 4. After adjust-
ment for a GCS < 9 and for age, these associations attenuated (phenotype 3: OR 
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Figure 5. Outcome by phenotype. (A) In-hospital mortality (Wilson 95% CI). (B) Exploratory composite of death or GOS ≤ 3 
(Wilson 95% CI). (C) Length of hospital stay. The dashed line (A), (B) represents the value for the whole cohort. 
 
Table 6. Outcome by phenotype and Firth-penalised regression models. 

Variable P1 (n = 54) P2 (n = 33) P3 (n = 33) P4 (n = 30) Total p 

In-hospital death, n (%) [95% CI] 
3 (5.6) [1.9 - 

15.1] 
4 (12.1) [4.8 - 

27.3] 
6 (18.2) [8.6 - 

34.4] 
3 (10.0) [3.5 - 

25.6] 
16 (10.7) 0.29 

Unfavourable outcome, exploratory 
composite, n (%) [95% CI] 

19 (35.2) [23.8 - 
48.5] 

14 (42.4) [27.2 - 
59.2] 

16 (48.5) [32.5 - 
64.8] 

8 (26.7) [14.2 - 
44.4] 

57 (38.0) 0.30 

GOS missing, n (%) 3 (6) 2 (6) 2 (6) 1 (3) 8 (5) 1.00 

GOS ≤ 3 among evaluable survivors, 
n/N (%) 

16/48 (33.3) 10/27 (37.0) 10/25 (40.0) 5/26 (19.2) 41/126 (32.5) 0.38 

GOS, median [IQR] 4 [3 - 5] 4 [3 - 5] 3 [2 - 4] 5 [3 - 5] 4 [3 - 5] 0.057 

No sequelae, n (%) 17 (31) 10 (30) 8 (24) 18 (60) 53 (35) 0.018 

Post-operative complication, n (%) 7 (13) 9 (27) 10 (30) 5 (17) 31 (21) 0.17 

Surgical revision, n (%) 5 (9) 2 (6) 4 (12) 2 (7) 13 (9) 0.85 

Length of hospital stay, days, median 
[IQR] 

11 [8 - 14] 13 [9 - 16] 13 [10 - 16] 9 [7 - 13] 11 [8 - 15] 0.017 

Exploratory composite: death or GOS ≤ 3 at the last assessment. 
 
Firth models (reference: phenotype 1) 

Model Variable OR 95% CI p 

Death, unadjusted Phenotype 2 2.24 0.51 - 9.92 0.29 

 Phenotype 3 3.48 0.86 - 14.04 0.080 

 Phenotype 4 1.87 0.39 - 9.02 0.43 

Death, adjusted Phenotype 2 2.11 0.43 - 10.39 0.36 

 Phenotype 3 3.18 0.77 - 13.04 0.108 

 Phenotype 4 2.24 0.41 - 12.24 0.35 

 GCS < 9 3.62 1.08 - 12.12 0.037 

 Age (per year) 1.00 0.97 - 1.02 0.92 
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Continued 

Unfavourable, unadjusted Phenotype 2 1.36 0.56 - 3.30 0.50 

 Phenotype 3 1.73 0.72 - 4.19 0.22 

 Phenotype 4 0.67 0.25 - 1.79 0.43 

Unfavourable, adjusted Phenotype 2 1.15 0.43 - 3.10 0.78 

 Phenotype 3 1.60 0.61 - 4.19 0.34 

 Phenotype 4 0.82 0.29 - 2.33 0.72 

 GCS < 9 13.71 3.39 - 55.50 <0.001 

 Age (per year) 1.00 0.99 - 1.02 0.75 

The death models (adjusted and unadjusted) were estimated by Firth-penalised logistic regression; the three unadjusted models of 
the composite criterion, in the absence of separation, by ordinary (unpenalised) logistic regression. The adjusted models include all 
phenotypes, GCS < 9 and age. The unit of analysis is the hospitalisation episode. GOS was available for 142/150 observations; the 
eight missing values, all in survivors (3, 2, 2 and 1 in phenotypes 1 to 4), were considered favourable in the exploratory composite 
only; the functional-status row is a complete-case analysis among evaluable survivors. Mortality is in-hospital whereas GOS is col-
lected at the last available assessment: the composite criterion therefore combines two distinct time windows. The “No sequelae” 
row corresponds to the neurological-sequelae variable (53 observations, i.e. about 40% of the 134 survivors) and not to GOS level 5 
(49 observations). 
 

3.18; 0.77 - 13.04; p = 0.108) while GCS < 9 remained significantly associated with 
death (OR 3.62; 1.08 - 12.12; p = 0.037). For the composite criterion, after adjust-
ment for GCS and age, no phenotype was significantly associated with unfavour-
able outcome (all p > 0.34), whereas GCS < 9 was strongly so (aOR 13.71; 95% CI 
3.39 - 55.50; p < 0.001). 

The formal assessment of incremental prognostic value showed a limited con-
tribution of the phenotype (Table 7). For in-hospital mortality, the optimism-
corrected AUC was 0.754 for model M0 (GCS and age) and 0.763 after the addi-
tion of phenotype (M1), with Brier scores of 0.091 and 0.090, calibration intercepts 
of −0.04 and −0.06 and calibration slopes of 0.91 and 0.84. For functional status 
among the 126 evaluable survivors, the corrected AUC was 0.794 for M0 and 0.803 
for M1, with Brier scores of 0.181 and 0.179, intercepts of −0.02 and −0.03 and 
slopes of 0.94 and 0.89. The gain in discrimination was therefore 0.009 for each 
outcome, without meaningful improvement of overall accuracy or calibration; the 
lower calibration slope of M1 for mortality reflects the additional parameters es-
timated from only 16 events, and the mortality estimates remain imprecise. 

By contrast, the length of hospital stay differed significantly between pheno-
types (p = 0.017), from 9 days (IQR 7-13) in phenotype 4 to 13 days in phenotypes 
2 and 3 (Figure 5(C)), as did the proportion of observations without sequelae, 
defined by the absence of neurological sequelae recorded at the last assessment 
(60% in phenotype 4 versus 24% in phenotype 3; exact test p = 0.018). 

Because mortality was measured over the hospital period whereas GOS was 
collected at the last available assessment, whose timing varied between phenotypes 
(median follow-up 52 days in phenotype 2 versus 90 days in phenotype 1; p = 
0.055), the two outcomes were analysed separately and the composite criterion is 
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Table 7. Incremental prognostic value of the phenotype beyond GCS and age (optimism-
corrected by bootstrap, 1,000 replicates). 

Outcome Model 
Corrected 

AUC 
Corrected 
Brier score 

Calibration 
intercept/ 

slope 

Mortality (n = 150; 16 
deaths) 

M0: GCS + age 0.754 0.091 −0.04/0.91 

M1: GCS + age + 
phenotype 

0.763 0.090 −0.06/0.84 

Difference M1 - M0 +0.009 −0.001 — 

Functional status (n = 
126 evaluable survivors; 

41 events) 

M0: GCS + age 0.794 0.181 −0.02/0.94 

M1: GCS + age + 
phenotype 

0.803 0.179 −0.03/0.89 

Difference M1 - M0 +0.009 −0.002 — 

M0: logistic model including GCS and age; M1: the same model with phenotype added. 
Functional status: GOS ≤ 3 at the last assessment among the 126 survivors with an evaluable 
GOS (complete-case analysis). All values are corrected for optimism by bootstrap internal 
validation (1000 replicates); calibration intercept and slope are reported as intercept/slope. 

 
reported as exploratory only. 

The UMAP projection coloured by admission GCS and by the occurrence of 
death (Figure 3(B)) illustrates this result: deaths were not concentrated in a par-
ticular region of the phenotypic space, but followed the consciousness gradient, 
transverse to the four groups. 

3.9. Sensitivity Analyses 

With regard to imputation, the classification restricted to the 144 observations 
complete for all quantitative variables, performed without any imputation, re-
stored a partition very close to the main partition (ARI 0.883): 139 of the 144 ob-
servations (96.5%) retained a homologous assignment. 

As regards the number of classes, the five-class solution split phenotype 1 into 
two subgroups that no clinically relevant variable distinguished, with a drop in 
inter-algorithm concordance (ARI 0.779); the six-class solution further degraded 
stability; the three-class solution merged phenotypes 1 and 4 (ARI 0.635). Varying 
the number of retained factor components from 3 to 8 did not modify the four-
class structure. 

In the leave-one-variable-out analysis, the partition did not depend on any sin-
gle quantitative variable: removing age, the symptom-to-admission delay or the 
Glasgow score left the partition strictly unchanged (ARI 1.000 in the three cases), 
and removing the maximum lesion diameter modified it marginally (ARI 0.972), 
as did removing impaired consciousness (ARI 0.972). Removing the structuring 
lesional variables had a more marked effect (without brain abscess: ARI 0.710; 
without subdural empyema: ARI 0.511; without topography: ARI 0.509). 
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The origin of the suppuration and the grouped portal of entry proved almost 
deterministically associated (Cramér’s V = 0.989), the grouped portal of entry 
constituting a refinement of the origin. Their joint inclusion, which confers a dou-
ble weight on the mechanism of onset, defines the dual-coded specification, now 
treated as a sensitivity analysis. Compared with it, the primary non-redundant 
solution showed a lower silhouette (0.296) and moderate concordance (ARI 
0.325), and only the frontal-interhemispheric sinogenic phenotype was reconsti-
tuted almost completely (28 of the 33 observations of phenotype 3); the post-trau-
matic and post-operative phenotypes dissolved in favour of a grouping organised 
by lesion type and severity. Removing the portal of entry instead of the origin gave 
a similar picture (silhouette 0.294; ARI 0.291). This dependence is discussed in § 
4.12. 

In subpopulation analyses, the analysis restricted to adults restored the main 
partition (n = 110; ARI 0.923). The structure was, by contrast, less well restored 
after removal of the post-operative suppurations (n = 123; ARI 0.538) or in the 
subgroup of brain abscesses only (n = 93; ARI 0.460), which is expected since these 
restrictions remove by construction one of the axes of the partition. Finally, no 
period effect was demonstrated: the distribution of phenotypes did not differ be-
tween 2016-2020 and 2021-2026 (p = 0.82), the median year of admission was 
identical across the four groups (p = 0.96), and the classification conducted sepa-
rately on each period restored the main partition (ARI 0.866 and 1.000). The post-
operative phenotype is therefore not an artefact of the evolution of the centre’s 
surgical activity. 

In order to align the coding of topography with that of the reference epidemio-
logical analysis of the same cohort (frontal 51; 34%; interhemispheric 9; 6%, the 
latter maintained as a distinct category), the topographic variable was recoded and 
the classification entirely repeated. The four-phenotype solution was preserved, 
with high concordance with the main partition (ARI ≈ 0.91) and the marginal 
redistribution of two observations (counts of 53, 34, 33 and 30 for phenotypes 1 
to 4). Phenotype 3 remained frontal-interhemispheric and all conclusions re-
mained unchanged: the partition therefore does not depend on the retained topo-
graphic coding scheme. 

4. Discussion 
4.1. Phenotypes and Anatomical Classification 

To our knowledge, and following a structured literature search whose strategy is 
detailed in the appendix, this work constitutes the first application of an unsuper-
vised classification to a cohort of intracranial suppurative infections, and the first 
study of automated phenotyping of this condition in an African series. Four phe-
notypes emerged spontaneously, without supervision and without the use of any 
therapeutic, microbiological or outcome variable. Their clinical coherence is high: 
each corresponds to an identifiable causal mechanism, a specific kinetics, a pref-
erential lesion topography and a distinct microbial ecology. A contemporary work 
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(2026) described, for the Streptococcus anginosus group, compartmental pheno-
types defined a priori on anatomical criteria and not by unsupervised learning, 
which leaves intact the originality of the present approach [67]. 

It is important to stress what this partition is not. It does not copy the anatom-
ical classification: phenotype 2 mixes brain abscesses (64%) and extradural empy-
emas (30%) united by their post-traumatic mechanism, while brain abscesses are 
distributed across three of the four phenotypes. It is therefore the portals of entry 
and the delays, rather than the anatomical compartments, that principally struc-
ture the data, although this pre-eminence of the mechanism was partly con-
structed by its double weighting in the dual-coded specification (§ 4.12). Within 
this cohort, the dominant contribution of the symptom-to-admission delay (η2 = 
0.32) among the quantitative variables is in this respect one of the main results: in 
this care setting, the access-to-care trajectory is more discriminating than age, 
neurological severity or lesion size. This finding, difficult to formulate within a 
classical supervised analysis, illustrates the specific contribution of the unsuper-
vised approach. 

4.2. Robustness of the Classification 

The classic criticism levelled at classification studies is that the identified classes 
could result from the investigators’ methodological choices rather than from an 
intrinsic organisation of the data. Any partitioning algorithm produces classes, 
including on unstructured data [29]; the question is therefore never whether clas-
ses exist, but whether those produced survive reasonable perturbations of the 
method. 

Several levels of validation were used. The first is inter-algorithm concordance: 
in the dual-coded specification, the K-means and Ward classifications on the same 
factor coordinates coincided almost exactly (ARI 0.958, three discordant observa-
tions), and in the primary specification, PAM on Gower distances—a geometry 
that borrows nothing from the FAMD—restored a substantially concordant par-
tition (ARI 0.671). The second is stability under resampling: the complete Hennig 
procedure placed the four classes above the stability threshold, with a mean Jac-
card index of 0.91. The third, and the most demanding, is the nested cross-valida-
tion of the complete pipeline, in which imputation, FAMD and K-means were re-
estimated in each training set: the out-of-sample agreement reached 87.6% (mean 
ARI 0.79). This figure, lower than the 95.3% accuracy of the random forest, is the 
more realistic estimate of internal reproducibility, since the random forest only 
reproduces labels fixed on the whole cohort; the latter nonetheless indicates that 
the classes can be approximated by simple rules applied to the initial variables. 

The fourth level is the most convincing because it is biological and not statisti-
cal. The microbiological data at no point participated in the construction of the 
classes; yet their distribution differed markedly between phenotypes (p = 0.0003), 
with a complete absence of streptococci and a concentration of Gram-negative 
bacilli and coagulase-negative staphylococci in the post-operative phenotype. A 
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purely artefactual partition would have no reason to reconstitute a bacterial ecol-
ogy. This coherence constitutes an independent biological corroboration, in the 
sense that it rests on information that was not used for learning. It does not replace 
an external validation, which would require a distinct cohort. 

4.3. Correspondence of the Phenotypes with the Literature 

Each of the four phenotypes corresponds to entities described in isolation in the 
literature, which constitutes a form of content validation. 

Phenotype 1 corresponds to the classic community-acquired brain abscess of 
Western and Asian series [1]-[3] [6] [8] [28] [68] [69], with its ENT-dental or 
cryptogenic portal of entry, its ring enhancement, its subacute onset and its rela-
tively favourable prognosis. Contemporary series from high-resource referral cen-
tres find a comparable aetiological distribution [70]. The high proportion of cryp-
togenic forms (48%) is consistent with series of low microbiological yield and un-
derlines the potential role of 16S rRNA sequencing [71]-[75]. 

Phenotype 2 covers post-traumatic suppurations, whose specificity—delayed 
presentation, voluminous collections, young-adult male predominance—is well 
documented in African and South-Asian series [15] [18]-[20]. The median delay 
of 29 days observed here far exceeds the values reported in high-resource series 
and reflects the conjunction of an initially neglected or incompletely debrided 
craniocerebral wound and a fragmented care pathway. This phenotype is, of all, 
the one whose very existence is a marker of the health system rather than of biol-
ogy. 

Phenotype 3 corresponds to sinogenic subdural empyema, an entity whose se-
verity and frontal-interhemispheric topography have been known since the large 
South African series [15] [23] [24] and confirmed by Nigerian [25] [26] and East 
African works. The paediatric and adolescent predominance, the frequency of 
interhemispheric and bilateral involvement, the place of wide craniotomy—found 
here in 91% of patients, in accordance with Nathoo et al.’s demonstration on 699 
cases [24]—and the highest mortality of the group are consistent with these data 
[23] [24] [76]. The higher frequency of immunocompromise and HIV infection 
in this phenotype deserves to be underlined in a high-prevalence context. The Tu-
nisian series [19] finds a neighbouring configuration, with a smaller share of im-
munocompromise. 

Phenotype 4 corresponds to surgical-site suppurations and post-operative em-
pyemas [27], whose literature underlines the attenuated presentation, the fre-
quency of the cutaneous portal of entry and the nosocomial ecology dominated 
by Gram-negative bacilli and coagulase-negative staphylococci. The recovery of 
this microbiological signature by a classification that used no microbiological var-
iable constitutes the strongest independent corroboration argument of this work. 
This phenotype is also the one whose relative frequency should vary most from 
one centre to another, according to the volume of surgical activity. 

The comparison with contemporary African series remains limited by their 
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methodological heterogeneity and by the scarcity of works published outside 
southern Africa and English-speaking West Africa [20]. The constitution of har-
monised regional registries appears, in this respect, as a prerequisite for any rig-
orous comparison. 

4.4. Justification of the Number of Phenotypes 

The choice of the number of classes is the most debatable decision of any analysis 
of this type and deserves an explicit justification. 

The two-class solution was clearly insufficient (silhouette 0.285): it simply op-
posed community forms to forms secondary to a breach, reducing the information 
to an already-known dichotomy. The three-class solution was statistically equiva-
lent to the four-class one (silhouette 0.362 versus 0.358), but it merged post-oper-
ative suppuration with community-acquired abscess—two entities whose mecha-
nism, microbial ecology, empirical antibiotic strategy and proportion of exclu-
sively medical treatments differ profoundly. This merging would have masked the 
only phenotype for which anti-Gram-negative coverage is justified from the out-
set, i.e. precisely the result with the most direct therapeutic reach. The five-class 
solution, conversely, split phenotype 1 along an axis with no identifiable clinical 
correlate and saw inter-algorithm concordance fall from 0.958 to 0.779, a sign that 
the structure became dependent on the choice of algorithm rather than on the 
data. 

The four-class solution is furthermore biologically plausible, in that it restores 
four pathophysiological routes of access of the organism to the intracranial con-
tents: the ENT-dental or haematogenous route of contiguity, the traumatic 
breach, the direct sinogenic extension with subdural diffusion, and the operative 
inoculation. This correspondence must nonetheless be qualified: the double 
weighting of the mechanism in the dual-coded specification favoured it, and in 
the non-redundant specification only the sinogenic route remained clearly individ-
ualised. The convergence between the statistical and mechanistic criteria therefore 
supports K = 4 as a descriptive choice, not the existence of four natural entities. 

4.5. Phenotypes and Prognosis 

The mortality gradient observed between phenotypes—from 5.6% to 18.2%, i.e. a 
ratio of more than three—did not reach the significance threshold, and attenuated 
after adjustment for the initial level of consciousness. This observation calls for 
two, non-exclusive, readings. 

The first is a power reading. With 16 deaths distributed across four groups, the 
study has no power to detect an odds ratio of the order of 3. For purely illustrative 
purposes, several hundred observations would probably have been necessary to 
detect, with satisfactory power, a mortality difference of this order; this post-hoc 
calculation does not constitute a formal estimate of the sample size required for a 
future validation. The wide confidence intervals (phenotype 3: 8.6% - 34.4%) are 
compatible with a clinically important effect as well as with the absence of an ef-
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fect. The result must therefore be described as inconclusive rather than negative. 
The second reading is complementary. The admission Glasgow score remained, 

after adjustment, significantly and strongly associated with unfavourable outcome 
(aOR 13.7; 95% CI 3.39 - 55.50; p < 0.001), and the UMAP projection shows that 
deaths were distributed according to a consciousness gradient transverse to the 
phenotypes rather than according to group membership. This configuration sug-
gests that phenotype and severity constitute two largely orthogonal dimensions of 
ISIs: the phenotype describes how the disease arose and how it will be treated, 
whereas the GCS describes where the patient stands at the time of admission. A 
sinogenic empyema seen at a stage of preserved consciousness and a community-
acquired abscess seen comatose do not have the same prognosis despite their re-
spective phenotype. This dissociation, were it confirmed on larger numbers, 
would have a clear practical implication: the phenotypic classification should 
serve to organise care, not to predict the individual outcome, for which the GCS 
remains the reference instrument [6] [7] [28]. 

The formal assessment of incremental value supports this reading. Adding the 
phenotype to GCS and age raised the optimism-corrected AUC by only 0.009, for 
mortality as for functional status, without improvement of the Brier score or of 
calibration. Within the limits imposed by 16 deaths and 41 unfavourable func-
tional outcomes, the phenotype therefore adds little individual prognostic infor-
mation to GCS and age in this sample. 

4.6. Implications for the Organisation of Care 

The operational value of this classification lies in its early availability. The four 
phenotypes are identifiable from admission, from three elements accessible in any 
centre with a scanner: the mechanism (community, post-traumatic, post-opera-
tive), the presumed portal of entry and the type of collection on the first imaging 
study. The supervised restitution of the assignment by a random forest, together 
with the out-of-sample agreement of 87.6% of the complete pipeline, suggests that 
these phenotypes are describable by simple rules, which makes it conceivable to 
build a bedside orientation algorithm. 

The practical consequences differ by phenotype. For the emergency physician 
or the first-line physician, recognising phenotype 3—child or adolescent, recent 
sinusitis, deficit and seizures, crescent-shaped frontal collection—mandates neu-
rosurgical transfer without delay, these patients almost systematically requiring 
wide craniotomy and frequently a ventricular drain. For the neurosurgeon, the 
phenotype conditions the anticipation of the procedure: craniotomy and provi-
sion for a drain in phenotype 3, puncture-aspiration often sufficient in phenotype 
1, revision of the surgical site with possible removal of hardware in phenotype 4. 
For the infectious-disease physician, the concentration of Gram-negative bacilli 
and the complete absence of streptococci among the eleven positive cultures of 
phenotype 4 suggest that the local nosocomial ecology should be explicitly taken 
into account in the choice of empirical antibiotic therapy for these patients. This 
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observation, based on small microbiological numbers, cannot alone modify a pro-
tocol and requires confirmation. Phenotype 2, finally, designates a population 
whose prognosis is decided upstream of the hospital, in the quality of the initial 
debridement of craniocerebral wounds and in the reduction of a delay of nearly a 
month: the levers there are largely pre-hospital and pertain to the organisation of 
emergency care rather than to neurosurgery. 

In terms of triage, this classification could help distinguish two questions usu-
ally conflated: that of operative urgency, largely determined by the phenotype, and 
that of severity, determined by the GCS. A phenotype-3 patient with a preserved 
GCS remains a surgical emergency; a phenotype-4 patient with an altered GCS is 
a severe patient whose lesion does not necessarily require an immediate proce-
dure. This dissociation has direct operational value in centres where the operating 
theatre is a constrained resource. 

4.7. Phenotypes and Clinical Research 

Therapeutic trials devoted to intracranial suppurative infections generally treat 
these infections as a homogeneous entity. Our results suggest that this assumption 
is simplistic: patients included in the same trial may belong to phenotypes whose 
mechanism and ecology differ to the point that the treatment response could di-
verge. An empirical antibiotic therapy optimal for a Gram-negative post-operative 
suppuration is not that of a community-acquired abscess of ENT origin; likewise, 
the optimal duration of antibiotic therapy or the threshold for surgical indica-
tion—a question on which the data comparing aspiration and excision remain, 
moreover, limited [77]—could depend on the underlying mechanism. 

This heterogeneity could help explain the variability observed between pub-
lished series. The precedent of acute respiratory distress syndrome is instructive: 
the reanalysis of randomised trials by latent subphenotypes revealed treatment 
effects of opposite direction, invisible in the overall analysis [32]. An analogous 
approach applied to ISIs, in the form of subgroup analyses pre-specified by phe-
notype in future trials and registries, would constitute a natural extension of this 
work. 

4.8. Implications for African Health Systems 

Sub-Saharan African health systems face specific constraints: scarcity of neuro-
surgeons, unequal access to imaging, prolonged transfer delays, restricted micro-
biological resources [10]-[14]. In such a context, the value of a classification tool 
depends as much on its frugality as on its performance. 

From this point of view, the phenotypes described rest exclusively on infor-
mation available from admission in any centre equipped with a scanner, without 
specialised laboratory work or molecular analysis. This frugality conditions their 
transferability. On a regional scale, such a classification could harmonise transfer 
criteria to referral centres, structure the planning of operative resources and pro-
vide a common language for the future African registries devoted to ISIs, today 
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non-existent. Phenotype 2, in particular, designates a quantifiable public-health 
objective: the reduction of a median delay of 29 days between the first symptoms 
and admission, which pertains to the organisation of primary care and the initial 
management of open head injuries far more than to neurosurgery. 

4.9. Decision-Support Tools 

The performance of the supervised classifier makes it technically conceivable to 
build an orientation tool integrated into the clinical record, proposing from the 
entry of the initial data the most probable phenotype and the associated implica-
tions: probability of craniotomy, possibility of a ventricular drain, empirical anti-
biotic spectrum, expected length of stay. 

This prospect nonetheless calls for explicit caution. The model described here 
has undergone no external validation, which for the time being precludes any de-
ployment [42] [43]. A classifier reproducing a partition obtained on the same co-
hort measures the internal separability of the classes, not their predictive validity 
in a new population. The contemporary reference frameworks—TRIPOD + AI for 
reporting [41], PROBAST then PROBAST + AI for risk of bias [42] [78], FU-
TURE-AI for the conditions of robustness, explainability and deployment [43], 
DECIDE-AI for early clinical evaluation [45]—define the necessary steps between 
an exploratory result such as this one and a usable tool. None of these steps has 
been taken at this stage. Such a tool would moreover be intended to assist clinical 
judgement and reduce the variability of practices, not to replace it, particularly in 
centres where neurosurgical expertise is limited—a context where the risk of over-
reliance on an algorithm is highest. 

4.10. Generalisation of the Results 

The generalisability of this classification must be discussed with caution, distin-
guishing the existence of the phenotypes from their relative frequency. 

The four phenotypes probably reflect universal pathophysiological routes and 
should, on that basis, be found in other geographical contexts. Their relative fre-
quency, on the other hand, is liable to vary considerably according to local epide-
miology, vaccination coverage, the incidence of open head injuries, the volume of 
neurosurgical activity and the organisation of the health system. A high-volume 
surgical centre would probably observe a higher proportion of post-operative phe-
notypes; a region with a high prevalence of untreated ENT infections would see 
community and sinogenic forms predominate; an efficient emergency-care sys-
tem would reduce, or even eliminate, the delayed post-traumatic phenotype, 
whose median delay of 29 days is itself the product of a pathway failure. 

Two characteristics observed here are, moreover, probably specific to the Ivo-
rian context and must not be extrapolated: the higher frequency of HIV infection 
in phenotype 3 and the high proportion of cryptogenic forms, linked to the low 
microbiological yield. These reservations justify an external multicentre valida-
tion before any generalisation. 
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4.11. Conceptual Reach of the Results 

Taken as a whole, these results fall within a general evolution of clinical research, 
which tends to move beyond inherited descriptive classifications in favour of clas-
sifications based on mechanisms and multidimensional profiles. This transition is 
established in sepsis [30], acute respiratory distress syndrome [31] [32], adult di-
abetes [33], asthma [34] and heart failure with preserved ejection fraction [35]. 
Our work suggests that neurosurgical infectious disease could undergo an analo-
gous conceptual evolution. 

The phenotypes described must be understood as latent clinical structures, de-
scriptive and reproducible within this cohort, and not as causal pathological enti-
ties; other classification solutions could emerge in different populations. It would 
moreover be excessive to see them as a substitution for existing classifications. 
Anatomical classifications retain their own relevance: they determine the surgical 
procedure, and no phenotyping will ever dispense with knowing whether a collec-
tion is subdural or intraparenchymal. What these results suggest is a complemen-
tarity—the anatomical taxonomy answering the question of the procedure, the 
phenotypic classification those of the mechanism, the empirical antibiotic spec-
trum and the care trajectory. If these phenotypes were confirmed by international 
multicentre cohorts, they could usefully complement the way these infections are 
described, compared between centres and studied in trials. 

4.12. Strengths and Limitations 

The main strengths of this work are the exhaustiveness of the recruitment over a 
decade, the strict exclusion of therapeutic, microbiological and outcome variables 
from the classification phase, the assessment of robustness at several levels (inter-
algorithm concordance in two geometries, per-class bootstrap stability, nested 
cross-validation of the complete pipeline, sensitivity analyses), the separate anal-
ysis of mortality and functional status, the formal assessment of incremental prog-
nostic value and the independent biological corroboration by microbiology. It is 
furthermore, to our knowledge, the first African cohort of intracranial suppura-
tive infections analysed by factor analysis of mixed data, unsupervised classifica-
tion, UMAP projection, random forest and Firth-penalised regression. 

Several limitations must nonetheless be underlined, the first of which is struc-
tural and conditions the interpretation of the whole. 

The origin of the suppuration and the grouped portal of entry proved almost 
deterministically associated (Cramér’s V = 0.989), the latter constituting a refine-
ment of the former. Their joint inclusion, which was not an explicitly pre-speci-
fied weighting decision, conferred on the mechanism of onset a weight approxi-
mately double that of any other dimension. The primary analysis was therefore 
restricted to the non-redundant specification. Its concordance with the dual-
coded partition was moderate (ARI 0.325), and only the frontal-interhemispheric 
sinogenic phenotype was then reconstituted almost entirely (28 of the 33 observa-
tions), the post-traumatic and post-operative phenotypes giving way to a group-
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ing organised by lesion type and severity. The detailed characterisation of the four 
phenotypes presented here relies on the dual-coded partition, retained for de-
scriptive purposes. 

Two readings are possible and must be set out without premature arbitration. 
On the first, the pre-eminence of the mechanism in our results is in part con-
structed by the specification of the variables, and the assertion that pathophysiol-
ogy structures the data better than anatomy would then be a consequence of the 
weight given to the mechanism rather than a property of the data. On the second, 
weighting the mechanism heavily is a legitimate clinical choice once it is declared, 
comparable to the domain weightings practised in other phenotyping works; 
origin and portal of entry are moreover not strictly synonymous, the latter distin-
guishing, within community forms, the ENT-dental, haematogenous/cryptogenic 
and cutaneous portals. In both readings, one fact remains: the frontal-interhe-
mispheric sinogenic phenotype, the most severe and the one whose surgical reach 
is most direct, is the only one to resist all the specifications tested. The three other 
phenotypes must be considered conditional on the retained weighting, and this 
conditionality must be verified by external validation before any generalisation. 

One hundred and fifty observations for nineteen classification variables (twenty 
in the dual-coded specification) remain below the ratios usually recommended 
[36] [37]. The prior dimensionality reduction attenuates this problem without 
cancelling it. 

This work must be considered a derivation study. No independent cohort made 
it possible to verify that these phenotypes reconstitute elsewhere. The results must 
be read as hypothesis-generating. 

The phenotypes reflect the population, the practices and the pathways of a sin-
gle centre. Their relative frequency is not generalisable, and some observed char-
acteristics are probably specific to the context. 

The documentation of the retrospective observations is presumably less com-
plete, which exposes to a non-quantifiable information bias. 

With a positive culture in 43% of samples (33% of observations), the bacterio-
logical data could not be integrated into the classification. No molecular sequenc-
ing was available, whereas 16S rRNA approaches reveal a substantial proportion 
of polymicrobial and anaerobic infections invisible on culture [71]-[75]. 

The variables describe the state on admission and the final outcome, without 
intermediate trajectory. A modelling of the outcome trajectories, which has made 
the richness of the work on sepsis, was not feasible. 

Although the stability indices are high, the nature of the structure—discrete 
classes or poles of a continuum—is not settled by these data. The residual errors 
of the supervised classifier, concentrated at the boundaries of phenotypes 3 and 4, 
suggest transition zones. 

Two patients each contribute two observations, introducing a minor, unmod-
elled dependence. 

The imaging variables—mass effect, multiplicity, main topography, maximum 
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diameter, bilaterality—were extracted from routine radiology reports, without 
central re-reading or formal assessment of inter-observer reproducibility. No 
kappa coefficient or intraclass correlation is therefore available for these variables. 

GOS was collected at the last available assessment and not at a uniform pre-
specified time, with a follow-up duration differing between phenotypes; the com-
posite criterion moreover combines in-hospital mortality and a functional status 
sometimes measured several months after discharge. A differential follow-up bias 
between phenotypes cannot be excluded; for this reason, mortality and functional 
status were analysed separately and the composite was retained as exploratory 
only. 

The documented haematogenous and cryptogenic mechanisms were grouped 
into a single category owing to insufficient numbers, although they correspond to 
distinct situations; the distribution of the initial categories appears in the appendix. 

No data from another health system were analysed; the reproducibility of the 
phenotypes outside the Ivorian context is unknown. 

4.13. Perspectives 

Four extensions appear as priorities. The first, indispensable, is external validation 
on multicentre African cohorts, the only way to reach the numbers necessary both 
to confirm the phenotypes and to test their own prognostic value. The second is 
the integration of microbiological variables obtained by 16S rRNA sequencing 
[71]-[75], which could make subphenotypes emerge that are currently masked by 
the high rate of sterile cultures. The third is the transition from discrete classes to 
continuous latent-variable models, better suited to a structure with transition 
zones. The fourth is the prospective testing of the central operational hypothesis 
of this work: does recognising the phenotype on admission effectively reduce the 
delays in operative decision-making and improve the adequacy of empirical anti-
biotic therapy? 

5. Conclusion 

The application of an unsupervised classification to an Ivorian cohort of 150 in-
tracranial suppurative infections made four clinically coherent phenotypes 
emerge, stable under resampling and concordant between algorithms: commu-
nity-acquired brain abscess of ENT-dental or cryptogenic origin, delayed post-
traumatic suppuration, frontal-interhemispheric sinogenic subdural empyema 
and post-operative surgical-site suppuration. This classification, based exclusively 
on data available on admission, strongly structures the portal of entry, the lesion 
topography, the surgical requirement, the microbial ecology and the length of 
stay; the microbiological coherence of the classes, obtained without any bacterio-
logical data participating in their construction, constitutes its most convincing 
corroboration. Once the dual coding of the mechanism was removed, however, 
only the frontal-interhemispheric sinogenic phenotype was consistently repro-
duced, the three others remaining conditional on the weight given to the mecha-
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nism of onset. The classification adds, by contrast, little prognostic information 
to the initial Glasgow score and age (optimism-corrected gain in AUC of 0.009 for 
mortality and for functional status). In low-resource neurosurgery, the defensible 
contribution of this phenotyping is therefore the early orientation of care path-
ways, the anticipation of operative needs and the adjustment of the empirical an-
tibiotic spectrum, while the prediction of the individual outcome must remain 
anchored on the assessment of consciousness on admission. External validation 
on multicentre African cohorts is the necessary prerequisite for any integration of 
this stratification into routine clinical decision-making. In its current state, this 
work must be regarded as hypothesis-generating and not as liable to modify prac-
tice. 
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Supplementary Material 

Table S1. Complete algorithm parameters. 

Step Library Parameters 

Imputation pandas Cohort median (maximum lesion diameter, 6 values) 

FAMD prince (FAMD) 
n_components = 10 (4 retained), n_iter = 15, random_state = 42; binaries treated 
as 2-category qualitative 

K-means scikit-learn (KMeans) 
n_clusters = 4, n_init = 500, init = k-means++, default tol and max_iter, 
random_state = 42 

Ward scipy (linkage/fcluster) method = ‘ward’, metric = Euclidean, criterion = ‘maxclust’ 

Gower in-house implementation 
19 raw variables of the primary specification, without dimensionality reduction; 
PAM, K = 4 

Stability scikit-learn + numpy 500 bootstrap resamples, Hennig procedure with complete re-assignment 

UMAP umap-learn n_neighbors = 15, min_dist = 0.1, metric = Euclidean, random_state = 42 

Random forest scikit-learn 
n_estimators = 2000, oob_score = True, unlimited depth, random_state = 42; 10-
fold stratified cross-validation 

Firth 
statsmodels + in-house 
implementation 

Jeffreys penalised likelihood; Wald 95% CI 

Exact tests scipy 
Fisher-Freeman-Halton: exact enumeration for two-category variables; Monte-
Carlo simulation (20,000 resamples) for variables with more than two categories 

Nested CV Same libraries as above 
10 folds × 20 repetitions; imputation, FAMD and K-means re-estimated in each 
training set; optimal label matching 

Incremental value Same libraries as above 
M0 (GCS, age) vs M1 (GCS, age, phenotype); bootstrap optimism correction, 
1000 replicates 

Single random seed (42) for the whole pipeline. Python 3.12, Ubuntu 24.04. 
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Figure S1. Variable importance in the restitution of the four-phenotype partition by random forest (2,000 trees). The origin, portal-
of-entry and lesion-type variables dominate; the symptom-to-admission delay is the first of the quantitative variables, while age, the 
Glasgow score and lesion size contribute weakly. Only the 18 most contributory variables or categories are shown. 

https://doi.org/10.4236/nm.2026.174014

	Clinical Phenotypes of Intracranial Suppurative Infections Identified by Unsupervised Machine Learning
	Abstract
	Keywords
	1. Introduction
	2. Patients and Methods
	2.1. Study Type and Setting, Participants
	2.2. Variables Retained for the Classification
	2.3. Missing Data
	2.4. Dimensionality Reduction
	2.5. Unsupervised Classification
	2.6. Choice of the Number of Classes and Assessment of Stability
	2.7. Low-Dimensional Representation
	2.8. Sensitivity Analyses
	2.9. Comparisons between Phenotypes
	2.10. Reproducibility
	2.11. Ethical Considerations

	3. Results
	3.1. Population
	3.2. Primary Non-Redundant Classification
	3.3. Factor Structure
	3.4. Choice of the Number of Phenotypes
	3.5. Description of the Four Phenotypes
	3.6. Concordance between Algorithms and Stability
	3.7. Management and Microbiological Documentation
	3.8. Outcome
	3.9. Sensitivity Analyses

	4. Discussion
	4.1. Phenotypes and Anatomical Classification
	4.2. Robustness of the Classification
	4.3. Correspondence of the Phenotypes with the Literature
	4.4. Justification of the Number of Phenotypes
	4.5. Phenotypes and Prognosis
	4.6. Implications for the Organisation of Care
	4.7. Phenotypes and Clinical Research
	4.8. Implications for African Health Systems
	4.9. Decision-Support Tools
	4.10. Generalisation of the Results
	4.11. Conceptual Reach of the Results
	4.12. Strengths and Limitations
	4.13. Perspectives

	5. Conclusion
	Acknowledgements
	Declarations
	Ethical Approval
	Data and Code Availability
	Related Publications
	Author Contributions
	Conflicts of Interest
	References
	Supplementary Material

