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Abstract
Background Several prognostic models for outcomes after chronic subdural hematoma (CSDH) treatment have been pub-
lished in recent years. However, these models are not sufficiently validated for use in daily clinical practice. We aimed to 
assess the performance of existing prediction models for outcomes in patients diagnosed with CSDH.
Methods We systematically searched relevant literature databases up to February 2021 to identify prognostic models for 
outcome prediction in patients diagnosed with CSDH. For the external validation of prognostic models, we used a retrospec-
tive database, containing data of 2384 patients from three Dutch regions. Prognostic models were included if they predicted 
either mortality, hematoma recurrence, functional outcome, or quality of life. Models were excluded when predictors were 
absent in our database or available for < 150 patients in our database. We assessed calibration, and discrimination (quantified 
by the concordance index C) of the included prognostic models in our retrospective database.
Results We identified 1680 original publications of which 1656 were excluded based on title or abstract, mostly because they 
did not concern CSDH or did not define a prognostic model. Out of 18 identified models, three could be externally validated 
in our retrospective database: a model for 30-day mortality in 1656 patients, a model for 2 months, and another for 3-month 
hematoma recurrence both in 1733 patients. The models overestimated the proportion of patients with these outcomes by 
11% (15% predicted vs. 4% observed), 1% (10% vs. 9%), and 2% (11% vs. 9%), respectively. Their discriminative ability was 
poor to modest (C of 0.70 [0.63–0.77]; 0.46 [0.35–0.56]; 0.59 [0.51–0.66], respectively).
Conclusions None of the examined models showed good predictive performance for outcomes after CSDH treatment in our 
dataset. This study confirms the difficulty in predicting outcomes after CSDH and emphasizes the heterogeneity of CSDH 
patients. The importance of developing high-quality models by using unified predictors and relevant outcome measures and 
appropriate modeling strategies is warranted.
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Research group

Introduction

Chronic subdural hematoma (CSDH) is a common condi-
tion in neurosurgical practice. CSDH is mainly diagnosed 
in older adults with an overall reported incidence ranging 
from 20.6 to 79.6 per 100,000 persons per year [2, 6, 24, 33]. 
Burr-hole craniostomy is the most commonly performed and 
worldwide most accepted treatment option in symptomatic 
CSDH [26, 41], most often with the insertion of closed-
system drainage [4, 7, 8, 17, 36]. In CSDH, the multiplicity 
of (peri)operative options may influence the outcome after 
surgical treatment, in addition to the variety of outcome 
measures such as recurrence, mortality, functional outcome, 
and quality of life. However, the outcome of CSDH is not 
only influenced by treatment choices. The outcome can 
also be related to baseline characteristics such as age, sex, 
comorbidity, severity of symptoms, the use of medication, 
and the severity of abnormalities seen on baseline imag-
ing. The contribution of various (peri)operative features to 
outcome is still under investigation in multiple randomized 
controlled trials [15].

Multivariable prognostic models are developed to pre-
dict the outcome based on baseline patient characteristics. 
Model-based outcome predictions can inform clinicians and 
patients and improve decision-making [29]. For instance, 
models can be used to predict the probability that a hema-
toma will require reoperation and hence inform the patients 
and their next-of-kin on what outcome to expect and which 
treatment option may be optimal [45]. Even if the same 
treatment strategy is implemented for all patients, a prog-
nostic model can improve their management. For example, 
a patient with a higher probability of poor outcome can be 
invited for an earlier appointment or additional rehabilita-
tion. Apart from clinical practice, prognostic models can be 
used for covariate adjustment in clinical trials and for stand-
ardized outcome comparisons between studies, countries, or 
centers [29, 52].

However, prognostic models are developed in a specific 
patient population and do not have to be equally successful 
in making predictions in another setting. Before considering 
the implementation of a model in clinical practice, the model 
should show good performance in an independent popula-
tion in a different place or time [13].

Over the years, several CSDH prognostic models [1, 3, 5, 
10–12, 16, 20, 22, 23, 25, 27, 30, 31, 34, 37, 38, 40, 42, 46, 
48, 54–58] have been published. The developers of CSDH 
prognostic models aim to predict and stratify patients’ risk 
of mortality, recurrence, and/or functional outcome after 
surgical CSDH treatment. These models are developed in a 
specific patient population and have not been externally vali-
dated. External validation—assessing the performance of a 
model in a sufficiently large cohort of patients in a different 
place or time—is essential before these prognostic models 
can be considered for guiding clinical decisions. Moreover, 
external validation and updating of existing models are pre-
ferred before starting developing new models.

This study aims to identify existing prognostic models 
for outcomes after CSDH treatment and to assess the per-
formance in a large dataset of CSDH patients.

Material and methods

Literature search

Medline Ovid, Embase, Web of Science, Cochrane Central, 
and Google Scholar were systematically searched from their 
starting dates to February 2021 (See Supplemental Table 1 
for search string). Titles and abstracts of these studies were 
screened by the first author (DCH) to identify all CSDH 
prognostic models after which the full text was screened. 
Any discrepancies were discussed (authors DCH, AM, RD, 
and HL) and resolved through consensus.

Selection of studies: inclusion and exclusion criteria

Studies were included if they contained at least one predictor 
of one of the outcomes of interest in patients with CSDH, 
that is mortality, recurrence, and functional status. Studies 
only describing possible predictors of outcome, without the 
development and presentation of a prediction model, were 
excluded. In addition, when predictors were absent in our 
data or were available for only a small number of patients 
(pre-specified minimum: 150 patients), these models were 
also excluded. We did not set specific quality criteria that 
the development studies needed to satisfy to be included.

Data extraction

From each paper, we extracted the number of patients, inclu-
sion criteria, predictors, outcomes, the prediction model, and 
its discriminative ability in the development study (area 
under the curve (AUC).
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Study population of the validation cohort

Independently from each other, three regions of the Nether-
lands (Amsterdam (AM), Rotterdam (RO), and North-East 
(NE)) collected retrospective data from 2384 consecutive 
patients who were treated for a CSDH in different time 
frames between 1991 and 2019. Amsterdam included 288 
patients diagnosed between 2012 and 2018. In Rotterdam, 
two cohorts of patients were included: 509 patients diag-
nosed between 1991 and 2008 and 280 patients diagnosed 
between 2010 and 2015. North-East Netherlands included 
1307 patients in this database, diagnosed between 2004 and 
2019. Data were completely anonymized; all potentially 
identifying information was removed by the treating hos-
pital and merged into a large retrospective database, which 
became the validation cohort for this external validation 
study.

Measurement of predictors and outcomes 
in the validation cohort

Patient characteristics were extracted from clinical records.
The CSDH preoperative volume was measured with dif-

ferent methods. Researchers in Amsterdam used Brainlab 
AG (Munich, Germany) and researchers in North-East Neth-
erlands used the ABC/2 volume formula. This formula can 
be used fast and easily with good accuracy [53].

One of the prognostic models used the occurrence of 
septations within the CSDH. The presence or absence of 
septations was not always available in our database. Only 
if a patient was diagnosed with a “trabecular” or “mem-
branous” CSDH, information on septations was present. In 
other hematoma types, we could not deduce the presence of 
septations from the name of the hematoma type only and 
therefore hematoma types other than “trabecular” or “mem-
branous” were scored as not containing septations.

Mortality within 30 days (yes/no) was determined based 
on the time of death.

Hematoma recurrence was defined as receiving medical 
treatment (reoperation or retreatment with dexamethasone) 
for CSDH.

Statistical analyses

The performance of prediction models was evaluated in 
terms of calibration and discrimination. Calibration refers 
to the agreement between predicted and observed risk, and 
it was visualized by a calibration plot and quantified by cali-
bration in the large (agreement between average observed 
and predicted outcomes and calibration intercept) and a cali-
bration slope [50]. The calibration intercept expresses the 
difference between the average predicted risk and the aver-
age observed risk. An intercept > 0 indicates that predictions 

were on average too low, and an intercept < 0 indicates 
that predictions were on average too high. The calibration 
slope indicates if the average strength of the association 
between predictors and outcomes was correctly estimated. A 
slope < 1 indicates overfitting (overestimated associations), 
whereas a slope > 1 indicates underfitting (underestimated 
associations).

Discrimination describes the ability of a model to cor-
rectly separate patients with the outcome and without, and 
it was quantified by the concordance (C) index. The C-index 
estimates the probability that the risk prediction of randomly 
selected patients with the outcome (e.g., with CSDH recur-
rence at three months) was higher than the risk prediction 
of a randomly selected patient without that outcome (e.g., 
without CSDH recurrence at 3 months).

To understand the influence of the slope and case-mix 
heterogeneity on the discriminative ability of a model, we 
calculated the model-based concordance (mbc) [51]. The 
mbc is only influenced by the case-mix heterogeneity and 
not by the validity of regression coefficients.

Models were validated in (a) patients who had relevant 
data available (complete case analysis) and (b) in patients 
with missing predictor values imputed (imputation analy-
sis). In imputation analysis, if a predictor variable was not 
assessed in a certain region, values for all patients on that 
variable were imputed based on available data from other 
hospitals. The model for multiple imputations included pre-
dictor and outcome variables, hospital regions, and auxiliary 
variables (e.g., hematoma thickness, aphasia, midline shift). 
The results were averaged over 10 imputed datasets using 
Rubin’s rules [35]. Missing outcomes were not imputed.

If a model was developed for a specific population (e.g., 
older adults), the model was validated in all patients with 
CSDH and in that specific subgroup (e.g., older adults). The 
performance of models was assessed and presented for the 
pooled data of all hospital centers and three separate regions 
in the Netherlands.

Analyses were performed in R (version 3.6.0) [32] using 
packages rms [18] and mice [49].

Results

Included publications

The initial search identified 3105 studies of which 1680 
remained after the removal of double references (Fig. 1).

One thousand six hundred fifty-eight records were 
excluded based on title/abstract because they did not con-
cern CSDH and/or they only reported predictors of out-
come, but did not develop a prognostic model. The remain-
ing 22 articles were screened on the full text of which 7 
were excluded on full text; three articles were excluded 
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because they did focus on moderate and severe traumatic 
brain injury and not on CSDH specifically. Four articles 
were excluded because the full text was not available, and 
therefore, no further explanation of the prognostic models 
could be found.

The remaining 15 articles were included but of these 12 
could not be validated (Fig. 1, Table 1).

For eight articles, one or more predictors of the described 
models could not be found in our retrospective database 
(e.g., frailty scores, laboratory results, and pneumocephalus 
volume). For one article, less than 150 patients in the valida-
tion cohort had available predictor values (e.g., postopera-
tive volume), and for two articles, one predictor could not 
be found in our retrospective database and another predic-
tor had too many missing values. For one article, the main 
outcome measure was missing in our retrospective database. 
Finally, three papers (4 models) were included in the exter-
nal validation (Table 2).

Models selected for validation

All selected models were developed for patients with uni-
lateral hematoma. The Subdural Hematoma in the Elderly 
(SHE)-scoring model by Alford [3] was developed to pre-
dict 30-day mortality in older patients (> 65 years) based 
on age, admission Glasgow Coma Scale (GCS) score, and 
hematoma volume. The model by Jack [23] was developed to 
predict 2-month hematoma recurrence based on age, hema-
toma volume, and septations on CT. The preoperative prog-
nostic model (model B) proposed by Andersen [5] aimed 
to predict 3-month recurrence based on hematoma volume, 
hematoma density, and history of hypertension. Andersen’s 
postoperative model (model A) additionally included drain-
age time, drain type, and surgical complications (Table 1). 
The Andersen models, developed with Fine-Gray regres-
sion, were validated based on predictions derived from their 
nomograms (Supplemental Table 2).

Fig. 1  Flow diagram of the article selection process
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Population

One thousand seven hundred sixty patients with a unilateral 
hematoma were included (55% from NE, 35% from RO, 
11% from AM; Table 2). Four primary treatment modalities 
were used; 47% received surgery, 43% surgery with addi-
tional dexamethasone, 3% dexamethasone, and 7% a wait 
and see policy. The mean (SD) age was 73.0 years (12.4), 
1293 males (74%), and the mean hematoma volume was 
112 mL (cc) (54.5). Four percent of patients died within 
30 days, 9% had a recurrence of CSDH requiring retreatment 
at 2 months, and 10% at 3 months (Table 3).

Performance of models in the retrospective 
database

One thousand six hundred fifty-six patients with available 
information on 30-day mortality were selected for validation 
of Alford’s model and 1733 patients with available informa-
tion on 2-month and 3-month hematoma recurrence were 

selected for validation of Jack’s model and Andersen’s mod-
els, respectively.

The prognostic model of Alford predicted that 15% of 
patients would die within 30 days, whereas the observed 
proportion in our data was 4%. Thus, it overestimated the 
proportion of patients dying within 30 days by 11 percentage 
points (intercept =  − 1.51 [− 1.77, − 1.26]; Fig. 2a, Table 4).

The overestimation of the 30-day mortality rate was con-
sistent for the patient selection (> 65 years) that was used 
for model development (16% predicted vs. 5% observed; 
intercept =  − 1.38 [− 1.65, − 1.12]); Supplemental Table 2). 
The slope (1.92 [0.99, 2.85]) indicated a stronger association 
between the predictors and the outcome in our data. Never-
theless, the discriminative ability (C = 0.70 [0.63–0.77]) was 
reduced by the more homogeneous case-mix in our study 
(mbc = 0.60 versus C = 0.80 in the development study).

The prognostic model by Jack (2-month hematoma 
recurrence) showed a negative calibration slope, indicating 
reverse predictor effects (− 0.25 [− 1.05, − 0.56]). This indi-
cated that higher predicted probabilities of recurrence by the 
model were in our data associated with lower observed rates. 

Table 1  Papers presenting models that could not be validated in our data

* GCS, Glasgow Coma Scale; **SDH = subdural hematoma; ҂TBI, traumatic brain injury

Author, year Model N Predictors Outcome

Abouzari, 2009 - 300 Age, Glasgow Coma Scale, hematoma den-
sity, hematoma thickness, midline shift, sex, 
brain atrophy, intracranial air

Recurrence

Chen, 2010 P-POSSUM 531 Age, Glasgow Coma Scale, respiratory his-
tory, systolic blood pressure, cardiac signs, 
electrocardiogram, laboratory results: 
hemoglobin, white cell count, urea, sodium, 
potassium, pulse

Mortality

Chihi, 2021 FLOP-score 119 Age, Glasgow Coma Scale, motor deficit, 
brain natriuretic peptide

Functional status (modified Rankin Scale; 
mRS)

Maldaner, 2019 FIT-Score 253 Age, motor deficit, orientation Functional status (mRS) at 3 months
McIntyre, 2020 iGCS versus CCI 109 Charlson Comorbidity Index (CCI), Glasgow 

Coma Score, 5- and 11-factor modified 
Frailty Index (mFI-5 and mFI-11)

Discharge location and mortality

Riemann, 2020 - 755 Age, comorbidities, Glasgow Coma Score, 
hemoglobin

Unfavorable outcome

Sastry, 2020 - 1647 5-factor modified Frailty Index Complications, discharge location, read-
mission, and mortality

Shen, 2019 - 102 Use of antithrombotics, brain atrophy, pneu-
mocephalus volume

Recurrence of bilateral CSDH

Stanisic, 2017 Oslo CSDH Scale 107 Density on CT-scan, preoperative CSDH 
volume, postoperative CSDH volume

Recurrence requiring reoperation

Won, 2019 modified Oslo Grading 
System (mOGS)

389 Density on CT-scan, preoperative CSDH vol-
ume, postoperative seizure, postoperative air 
trapping, postoperative CSDH volume

Postoperative recurrence

Yan,
2018

- 514 Age, preoperative CSDH volume, CSDH clas-
sification, postoperative CSDH volume

Postoperative recurrence

Kwon, 2018 CSDH Scoring System 154 Age, Glasgow Coma Scale, hematoma 
thickness, midline shift, motor function, 
orientation

Functional status (mRS) at 6 months

2723Acta Neurochirurgica (2022) 164:2719–2730
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Additional analyses showed, for instance, that, in contrast 
with the model, age above 80 was associated with a lower 
likelihood of recurrence at 2 months in our data (Supple-
mental Fig. 1).

The proportion of patients with recurrent hematoma by 
3 months was estimated accurately (10% predicted vs. 9% 
observed; intercept =  − 0.15 [− 0.33, 0.02]), but the discrim-
inative ability of the prognostic model was extremely poor 
(C < 0.50; Table 4; Fig. 2b).

Andersen’s preoperative model (3-month hematoma 
recurrence) (B) slightly overestimated the proportion of 
patients with a recurrence within 3 months (11% predicted 
vs. 9% observed; intercept =  − 0.20 [− 0.44, 0.05]). The cali-
bration slope indicated that the effect of the predictors on 
outcomes in the validation data was much weaker than in the 
model (calibration slope = 0.50 [0.01, 1.00]; Table 4). The 
discriminative ability of model B (C = 0.59 [0.51–0.66]), 
corresponded to the development study (C = 0.60), but also 
reflected the more heterogeneous case-mix in the validation 
study (mbc = 0.67; Fig. 2c).

The performance of Andersen’s postoperative model 
(3-month hematoma recurrence) (A) was assessed with 
great uncertainty due to a large amount of missing data in 
postoperative variables (e.g., type of drain). The effects of 
predictors were weaker in the validation study (calibration 
slope = 0.64 [0.18, 1.11]) and the model overestimated the 
proportion of patients with 3-month recurrence (14% pre-
dicted vs. 9% observed; intercept =  − 0.46 [− 0.73, − 0.19]). 
It showed a slightly higher discriminative ability (0.65 
[0.57–0.73]) than in the development study (C = 0.63), lifted 
by a more heterogeneous case-mix than in the development 
study.

The results of complete case analyses were consistent 
with imputation analyses (Table 4). In addition, analyses 
per hospital region generally showed consistent results (Sup-
plemental Table 3).

Discussion

We examined the performance of three published prognostic 
models for the prediction of outcomes in patients with uni-
lateral CSDH using a retrospective database, which contains 
data from three regions in the Netherlands. None of the mod-
els showed both good discriminative ability and calibration 
in our data. The most likely explanations of the predictive 
performance of the models in our data concern suboptimal 
modeling strategies and differences in study populations.

The differences in the population (case-mix) and differences 
in the distribution of predictors (case-mix heterogeneity) between 
the development and validation study can affect model perfor-
mance in the validation setting. The prognostic model by Alford 
[3] largely overestimated the percentage of patients who died Ta
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within 30 days, which could be associated with the substantially 
different mortality rate between the development study and 

validation study. It is possible that the patient population was 
more severely affected in the development study, which was not 

Table 3  Baseline characteristics, predictors, and outcomes of patients with chronic subdural hematoma

X = not in the model; SD, standard deviation; mL, milliliters

Overall Missing Available 
30-day mortality 
(Alford)

Missing Available 
2-month recur-
rence (Jack)

Missing Available 3-month 
recurrence 
(Andersen)

Missing

Sample size 1760 1656 1733 1733
Sex = male (%) 1293 (73.5) 0 1232 (74.4) 0 1276 (73.6) 0 1276 (73.6) 0
Hospital (%) 0 0 0 0
  Amsterdam 186 (10.6) 87 (5.3) 159 (9.2) 159 (9.2)
  North-East 963 (54.7) 963 (58.2) 963 (55.6) 963 (55.6)
   Rotterdam 611 (34.7) 606 (36.6) 611 (35.3) 611 (35.3)

Treatment (%) 0 0 0 0
  Wait and see 129 (7.3) 129 (7.8) 129 (7.4) 129 (7.4)
  Surgery 830 (47.2) 731 (44.1) 803 (46.3) 803 (46.3)
  Surgery + dexamethasone 754 (42.8) 749 (45.2) 754 (43.5) 754 (43.5)
  Dexamethasone 47 (2.7) 47 (2.8) 47 (2.7) 47 (2.7)

Predictors
  Age (mean (SD)) 73.0 (12.4) 0 73.0 (12.4) 0 72.9 (12.4) 0 72.9 (12.4) 0
  Hypertension (%) 218 (16.1) 22.9 X X X
  Baseline Glasgow Coma 

Scale score (%)
6.5 6.4 X X

   < 5 4 (0.2) 4 (0.3)
  5–12 195 (11.8) 192 (12.4)
  13–15 1447 (87.9) 1354 (87.4)
  Baseline total volume 

(mL) (mean (SD))
112.6 (54.5) 46.6 111.3 (54.8) 47.8 112.8 (54.7) 46.9 112.8 (54.7) 46.9

  Baseline septations (%) 335 (37.2) 48.8 X 328 (37.1) 49 X
  Density (%) 45.4 X X 46
  Homogeneous 503 (52.3) 487 (52.0)
  Membranous 331 (34.4) 325 (34.7)
  Mixed 4 (0.4) 3 (0.3)
  Separated 123 (12.8) 121 (12.9)
  Drainage time (%) 56.9 X X 57.2
  No drain 100 (13.2) 98 (13.2)
  1–24 h 385 (50.7) 373 (50.3)
  24–48 h 205 (27.0) 202 (27.2)
   > 48 h 69 (9.1) 69 (9.3)
  Surgery drain type (%) 74.9 X X 75.7
  No drain 100 (22.6) 98 (23.3)
  Subdural 163 (36.9) 147 (34.9)
  Subgaleal/subperiosteal 179 (40.5) 176 (41.8)
  Postoperative surgical 

complications (%)
99 (7.2) 22.4 X X 95 (7.1) 22.7

Outcomes
  Mortality 30 days (%) 65 (3.9) 5.9 65 (3.9) 0 X X
  Recurrence within 

2 months (%)
155 (8.9) 1.5 X 155 (8.9) 0 X

  Recurrence within 
3 months = 1 (%)

164 (9.5) 1.5 X X 164 (9.5) 0

2725Acta Neurochirurgica (2022) 164:2719–2730



1 3

Fig. 2  Performance of models in the retrospective database. a Alford. b Jack. c Andersen

Table 4  Performance of models (Alford, Jack, and Andersen) in external validation: complete case and imputation analyses

* Corrected for optimism. C, concordance index; M, mean; Mbc, model-based concordance; N, sample size

Alford model Jack model Andersen model

Model A Model B

Original C 0.80 x 0.63* 0.60*
Mbc 0.60 0.61 0.72 0.67
Complete case analysis
  N/event number 823/23 852/79 22/3 782/77
  M predicted; M observed (%) 15%; 2.8% 15%; 2.8% 15%; 2.8% 15%; 2.8%
  Intercept  − 1.84 [− 2.25, − 1.42]  − 0.04 [− 0.27, 0.19]  − 0.63 [− 1.90, 0.65]  − 0.25 [− 0.49, − 0.01]
  C 0.70 [0.59–0.82] 0.48 [0.43–0.54] 0.67 [0.31–1.02] 0.60 [0.54–0.67]
  Slope 1.92 [0.99, 2.85]  − 0.02 [− 0.47, 0.43] 0.69 [− 0.85, 2.22] 0.63 [0.25, 1.02]

Imputation analysis
  N/event number 1656/65 1733/155 1733/164 1733/164
  M predicted-, M observed (%) 15.4%, 3.9% 10.2%, 8.9% 13.9%, 9.5% 11.3%, 9.5%
  Intercept  − 1.51 [− 1.77, − 1.26]  − 0.15 [− 0.33, 0.02]  − 0.46 [− 0.73, − 0.19]  − 0.20 [− 0.44, 0.05]
  C 0.70 [0.63–0.77] 0.46 [0.35–0.56] 0.65 [0.57–0.73] 0.59 [0.51–0.66]
  Slope 1.80 [1.17, 2.43]  − 0.25 [− 1.05, − 0.56] 0.64 [0.18, 1.11] 0.50 [0.01, 1.00]
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captured by the predictors in the model; for instance, patients 
might have had more comorbidities. In addition, although this 
model was able to discriminate reasonably well between patients 
who died and did not die within 30 days based on age, hematoma 
volume, and GCS score, the discrimination ability was decreased 
by the more homogeneous case-mix in our data. The case-mix 
and case-mix heterogeneity of the validation data also differed 
compared to the study of Andersen; for instance, patients had a 
higher GCS score, a smaller hematoma volume, a lower percent-
age of drain placement, and a different distribution of hematoma 
density [5]. In our retrospective validation cohort dataset, almost 
half of the patients were treated with dexamethasone; 43% of 
patients were operated with additional dexamethasone and 3% 
received primary dexamethasone. In these patients, the recur-
rence rate might be lower, but also the favorable outcome is 
expected to be worse and patients in the validation cohort might 
suffer from more adverse events and higher mortality in compari-
son to the cohorts used for model development [21].

Moreover, the effects of predictors differed between our 
study and development studies. For instance, whereas older 
age was predictive of 2-month recurrence in the model of 
Jack [23], in our dataset, age above 80 was associated with a 
lower recurrence rate. It is possible that older patients were 
more likely to die or to receive no treatment at all, in case of 
hematoma recurrence or in case of comorbidity or greater 
frailty scores in the validation study. However, frailty scores 
were not included in the retrospective database. In addition, 
different definitions of predictors could have contributed to 
observed differences in the effects of predictors. For exam-
ple, the inter-rater variability concerning the classification 
of hematoma types is considered low [47], but assessing 
septations on a CT-scan is prone to inter-rater variability 
because membranes cannot always be clearly recognized on 
CT-scans [39]. If the predictor “septations” was not specifi-
cally scored in patients, trabecular hematomas were marked 
as “septations present.” All other hematoma types (homog-
enous, mixed, and separated) were marked as “septations 
absent.” This restraint in detecting septations in the valida-
tion cohort is expected to lead to an underestimation of sep-
tations in our population, because septations can also occur 
in homogenous, mixed, and separated hematoma types.

Finally, suboptimal modeling strategies have likely nega-
tively affected the effects of predictors and model performance 
in a new setting (our data). A very small sample size of older 
adults with CSDH was used for the development of the Alford 
model [31]. In addition, in the models of Alford [31] and Jack 
[23], continuous predictors were dichotomized/categorized 
(e.g., age, hematoma volume). Although categorization can 
make a model seem appealing and easier to use, it leads to 
a loss of information and usually poor performance in other 
cohorts [28, 43]. Furthermore, the predictors were selected 
based on p-values and there was no internal validation, 
which lead to overfitting; meaning that predictor effects are 

overestimated, model performance in the development sample 
is overoptimistic, and performance in external validation is 
poor(er) [44]. The authors of the Andersen [5] model did apply 
shrinkage in the model development, an approach to prevent 
overfitting, but the models still showed weaker effects of pre-
dictors in our study, probably due to differences in case-mix. In 
addition, the discriminative ability of this model was also mod-
est in the development study (C = 0.60). The generally limited 
discriminative ability obtained in both the development study 
and validation cohort suggests that other variables could be 
considered for the prediction of this outcome in future studies.

Besides considering other predictors, the strategies for 
developing models for predicting outcome after CSDH should 
therefore be improved. Future studies should comprise large 
samples and collaborative efforts. The predictors should not 
be primarily selected by p-values but based on level I evi-
dence and clinical expertise. Also, internal validation should 
be applied in model development. In that way, the effects of 
predictors are less likely to be exaggerated leading to optimis-
tic model performance [44]. The categorization of continu-
ous variables should be avoided and missing values should be 
imputed using single or multiple imputation techniques [28, 
43]. Unified definitions of baseline data elements (predictors) 
and a unified core outcome set would also facilitate a more 
reliable establishment, validation, and clinical usefulness of 
models. In addition, when proposing a new prognostic model, 
all relevant information that indicates model performance and 
enables future external validation studies should be reported, 
such as the full model equation and discriminative ability.

Furthermore, the results also suggest that it is difficult 
to predict the outcome after CSDH. It is known that “there 
is significant heterogeneity in the data elements that are 
collected and reported as part of clinical studies examin-
ing outcomes for CSDH” [9]. Moreover, the disease CSDH 
itself is also heterogeneous. CSDH patients have in common 
that they are generally older and that most have a high GCS 
score on admission, but many other characteristics differ 
such as frailty and overall clinical status. From our experi-
ence, a more voluminous CSDH does not necessarily indi-
cate a larger midline shift or more severe clinical symptoms. 
Also, a less voluminous hematoma does not always result 
in a rapid recovery without the occurrence of a recurrence. 
Moreover, the use of anticoagulants is not necessarily related 
to a more voluminous CSDH, and more severe symptoms at 
admission are not necessarily related to a poorer functional 
outcome. This heterogeneity in the data of CSDH patients 
makes prediction inherently challenging.

Limitations and future directions

In this study, we systematically searched for published mod-
els for the prediction of outcomes after CSDH and validated 
eligible models in our multicenter database. However, we 
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did not perform a systematic review nor assessed the qual-
ity of published studies since we considered the validation 
as “proof” of validity. However, since our retrospective 
database was originally not built to validate these prog-
nostic models, a substantial number of models could not 
be validated in our data due to unmeasured predictors and 
outcomes and due to a large number of missing values. We 
nevertheless describe these models and encourage other 
studies with available data to validate all models identified 
by our search. Also, for the models we did validate there was 
a significant percentage of missing data. Although complete 
case and imputation analyses point in the same direction, 
this should be noted as a limitation. Moreover, although we 
systematically searched the literature to identify existing 
models, finally, we did not consider the number of outcomes 
and our data-quality insufficient to develop a new model.

Even if we would have used a prospective database, there 
are no well-established predictors and outcomes derived 
from level I evidence. Currently, there is no consensus on 
the definition of CSDH and no consensus on baseline data 
elements nor a core outcome set. The CODE-CSDH group 
established a Delphi survey to reach a consensus on a core 
outcome set and baseline data elements to be used in future 
CSDH studies [19]. Results of this survey are expected in 
the spring of 2022. It is expected that these results will be 
a first step in decreasing the heterogeneity and with that 
improving the quality of available CSDH data. The Dutch 
Subdural Hematoma Research group (DSHR) [14] is plan-
ning to establish a prospective, observational, multicenter 
registry. Once consensus is reached on the Delphi survey, 
the DSHR will incorporate the baseline data elements and 
core outcome set in their prospective database. In the future, 
this prospective registry can be used for the development 
of a new prognostic model. This future model should pre-
dict endpoints that are relevant for clinical practice. These 
endpoints will correspond to the core outcome set, as to be 
determined at the consensus meeting of the CODE-CSDH 
group.

Conclusion

Published models for the prediction of outcomes following 
CSDH did not perform well in our retrospective database. 
The study confirms the complexity of predicting outcomes 
in patients with CSDH and the need for the collection of 
standard baseline variables and a core outcome set and for 
improved modeling strategies, which will improve current 
prognostic models. This should be part of the focus of future 
large-scale data collections.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s00701- 022- 05216-8.

Acknowledgements The authors wish to thank Wichor M. Bramer, 
information specialist at the Erasmus MC Medical Library in Rot-
terdam, The Netherlands, for developing and updating the search 
strategies.

Funding This study was funded by a grant from The Netherlands 
Organisation for Health Research and Development (ZonMw project 
number 843002824) and the Erasmus MC (Mrace, project number 
2016–16118; EMC). Ana Mikolic was supported by the European 
Union 7th Framework programme (EC grant 602150), with the addi-
tional support obtained from the Hannelore Kohl Stiftung (Germany), 
OneMind (USA), Integra LifeSciences Corporation (USA), and Neu-
rotrauma Sciences (USA). The sponsor had no role in the design or 
conduct of this research.

Declarations 

Ethical approval This article does not contain any studies with human 
participants performed by any of the authors.

Informed consent For this type of study, formal consent is not required.

Conflict of interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

References

 1. Abouzari M, Rashidi A, Zandi-Toghani M, Behzadi M, Asadollahi 
M (2009) Chronic subdural hematoma outcome prediction using 
logistic regression and an artificial neural network. Neurosurg Rev 
32:479–484

 2. Adhiyaman V, Chattopadhyay I, Irshad F, Curran D, Abraham S 
(2017) Increasing incidence of chronic subdural haematoma in the 
elderly. QJM 110:375–378. https:// doi. org/ 10. 1093/ qjmed/ hcw231

 3. Alford EN, Rotman LE, Erwood MS, Oster RA, Davis MC, Pitt-
man HBC, Zeiger HE, Fisher WS (2019) Development of the 
Subdural Hematoma in the Elderly (SHE) score to predict mortal-
ity. J Neurosurg 1–7

 4. Almenawer SA, Farrokhyar F, Hong C, Alhazzani W, Manoran-
jan B, Yarascavitch B, Arjmand P, Baronia B, Reddy K, Murty 
N, Singh S (2014) Chronic subdural hematoma management: a 
systematic review and meta-analysis of 34,829 patients. Ann Surg 
259:449–457. https:// doi. org/ 10. 1097/ SLA. 00000 00000 000255

 5. Andersen-Ranberg NC, Debrabant B, Poulsen FR, Bergholt B, 
Hundsholt T, Fugleholm K (2019) The Danish chronic subdural 
hematoma study-predicting recurrence of chronic subdural hema-
toma. Acta Neurochir (Wien) 161:885–894

 6. Balser D, Farooq S, Mehmood T, Reyes M, Samadani U (2015) 
Actual and projected incidence rates for chronic subdural 

2728 Acta Neurochirurgica (2022) 164:2719–2730

https://doi.org/10.1007/s00701-022-05216-8
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/qjmed/hcw231
https://doi.org/10.1097/SLA.0000000000000255


1 3

hematomas in United States Veterans Administration and civil-
ian populations. J Neurosurg 123:1209–1215. https:// doi. org/ 10. 
3171/ 2014.9. JNS14 1550

 7. Blaauw J, Jacobs B, den Hertog HM, van der Gaag NA, Jellema K, 
Dammers R, Lingsma HF, van der Naalt J, Kho KH, Groen RJM 
(2020) Neurosurgical and perioperative management of chronic 
subdural hematoma. Front Neurol 11:550

 8. Cenic A, Bhandari M, Reddy K (2005) Management of chronic 
subdural hematoma: a national survey and literature review. Can 
J Neurol Sci 32:501–506

 9. Chari A, Hocking KC, Edlmann E, Turner C, Santarius T, Hutch-
inson PJ, Kolias AG (2016) Core outcomes and common data 
elements in chronic subdural hematoma: a systematic review of 
the literature focusing on baseline and peri-operative care data 
elements. J Neurotrauma 33:1569–1575. https:// doi. org/ 10. 1089/ 
neu. 2015. 4248

 10. Chen W, Fong JW, Lind CR, Knuckey NW (2010) P-POSSUM 
scoring system for mortality prediction in general neurosurgery. 
J Clin Neurosci 17(5):567–570.  https:// doi. org/ 10. 1016/j. jocn. 
2009. 09. 020

 11. Chihi M, Gembruch O, DarkwahOppong M, Rauschenbach L, 
Rauscher S, Jabbarli R, Wrede KH, Sure U, Maslehaty H (2020) 
Role of brain natriuretic peptide in the prediction of long-term 
surgical outcome of chronic subdural hematoma. J Neurol Sci 
420:117240

 12. Deepika A, Prabhuraj AR, Saikia A, Shukla D (2015) Compari-
son of predictability of Marshall and Rotterdam CT scan scoring 
system in determining early mortality after traumatic brain injury. 
Acta Neurochir (Wien) 157(11):2033–2038. https:// doi. org/ 10. 
1007/ s00701- 015- 2575-5

 13. Dijkland SA, Retel Helmrich IRA, Steyerberg EW (2018) Valida-
tion of prognostic models: challenges and opportunities. J Emerg 
Crit Care Med 2

 14. DSHR. www. dshr. one. 2021
 15. Edlmann E, Holl DC, Lingsma HF, Bartek J Jr, Bartley A, 

Duerinck J, Jensen TSR, Soleman J, Shanbhag NC, Devi BI, 
Laeke T, Rubiano AM, Fugleholm K, van der Veken J, Tisell 
M, Hutchinson PJ, Dammers R, Kolias AG, International Col-
laborative Research Initiative on Chronic Subdural Haematoma 
study g (2020) Systematic review of current randomised con-
trol trials in chronic subdural haematoma and proposal for an 
international collaborative approach. Acta Neurochir (Wien) 
162:763–776

 16. Frontera J, Jovine M, Schultz S, Gordon E (2012) The chronic 
subdural hematoma score: a tool to predict mortality after chronic 
subdural hematoma. Neurocrit Care 17:S56

 17. Gelabert-Gonzalez M, Iglesias-Pais M, Garcia-Allut A, Martinez-
Rumbo R (2005) Chronic subdural haematoma: surgical treatment 
and outcome in 1000 cases. Clin Neurol Neurosurg 107:223–229. 
https:// doi. org/ 10. 1016/j. cline uro. 2004. 09. 015

 18. Harrell Jr FE (2016) rms: regression modeling strategies. R Pack-
age Version 5. https:// github. com/ harre lfe/ rms. Accessed 5 Dec 
2021

 19. Holl DC, Chari A, Iorio-Morin C, Dammers R, van der Gaag NA, 
Kolias AG, Hutchinson PJ, Edlmann E (2021) Study protocol on 
defining core outcomes and data elements in chronic subdural 
haematoma. Neurosurgery 89:720–725

 20. Hukkelhoven CW, Steyerberg EW, Habbema JD, Farace E, Mar-
marou A, Murray GD, Marshall LF, Maas AI (2005) Predicting 
outcome after traumatic brain injury: development and validation 
of a prognostic score based on admission characteristics. J Neuro-
trauma 22(10):1025–1039. https:// doi. org/ 10. 1089/ neu. 2005. 22. 
1025

 21. Hutchinson PJ, Edlmann E, Bulters D, Zolnourian A, Holton P, 
Suttner N, Agyemang K, Thomson S, Anderson IA, Al-Tamimi 

YZ, Henderson D, Whitfield PC, Gherle M, Brennan PM, Allison 
A, Thelin EP, Tarantino S, Pantaleo B, Caldwell K, Davis-Wilkie 
C, Mee H, Warburton EA, Barton G, Chari A, Marcus HJ, King 
AT, Belli A, Myint PK, Wilkinson I, Santarius T, Turner C, Bond 
S, Kolias AG, British Neurosurgical Trainee Research C, Dex 
CTC (2020) Trial of dexamethasone for chronic subdural hema-
toma. N Engl J Med 383:2616–2627

 22. Jack A, O’Kelly C, Findlay J (2013) Independent risk factors and 
risk factor selection modeling for the recurrence of chronic sub-
dural hematomas. Can J Neurol Sci 40:S8

 23. Jack A, O’Kelly C, McDougall C, Findlay JM (2015) Predict-
ing recurrence after chronic subdural haematoma drainage. Can J 
Neurol Sci 42:34–39

 24. Karibe H, Kameyama M, Kawase M, Hirano T, Kawaguchi T, 
Tominaga T (2011) Epidemiology of chronic subdural hemato-
mas. No shinkei geka Neurol Surg 39:1149–1153

 25. Katiyar V, Vora Z, Agarwal S, Sharma R, Gurjar H (2018) Prog-
nostic scoring for chronic subdural hematoma: is decision making 
easier? World Neurosurg 116:481

 26. Kolias AG, Chari A, Santarius T, Hutchinson PJ (2014) Chronic 
subdural haematoma: modern management and emerging thera-
pies. Nat Rev Neurol 10(10):570–578. https:// doi. org/ 10. 1038/ 
nrneu rol. 2014. 163

 27. Kwon CS, Al-Awar O, Richards O, Izu A, Lengvenis G (2018) 
Predicting prognosis of patients with chronic subdural hematoma: 
a new scoring system. World Neurosurg 109:e707–e714

 28. Leisman DE, Harhay MO, Lederer DJ, Abramson M, Adjei AA, 
Bakker J, Ballas ZK, Barreiro E, Bell SC, Bellomo R, Bernstein 
JA, Branson RD, Brusasco V, Chalmers JD, Chokroverty S, Cit-
erio G, Collop NA, Cooke CR, Crapo JD, Donaldson G, Fitzger-
ald DA, Grainger E, Hale L, Herth FJ, Kochanek PM, Marks G, 
Moorman JR, Ost DE, Schatz M, Sheikh A, Smyth AR, Stewart I, 
Stewart PW, Swenson ER, Szymusiak R, Teboul JL, Vincent JL, 
Wedzicha JA, Maslove DM (2020) Development and reporting of 
prediction models: guidance for authors from editors of respira-
tory, sleep, and critical care journals. Crit Care Med 48:623–633

 29. Lingsma HF, Roozenbeek B, Steyerberg EW, Murray GD, Maas 
AI (2010) Early prognosis in traumatic brain injury: from prophe-
cies to predictions. Lancet Neurol 9:543–554

 30. Maldaner N, Sosnova M, Sarnthein J, Bozinov O, Regli L, Stienen 
MN (2019) Predicting functional impairment in patients with 
chronic subdural hematoma treated with burr hole trepanation—
the FIT-score. Clin Neurol Neurosurg 182:142–147. https:// doi. 
org/ 10. 1016/j. cline uro. 2019. 05. 012

 31. McIntyre MK, Rawanduzy C, Afridi A, Honig JA, Halabi M, 
Hehir J, Schmidt M, Cole C, Miller I, Gandhi C, Al-Mufti F, 
Bowers CA (2020) The effect of frailty versus initial Glasgow 
Coma Score in predicting outcomes following chronic subdural 
hemorrhage: a preliminary analysis. Cureus 12:e10048

 32. R Core Team (2016) R: a language and environment for statistical 
computing. Vienna, Austria. https:// www.R- proje ct. org/. Accessed 
5 Dec 2021

 33. Rauhala M, Luoto TM, Huhtala H, Iverson GL, Niskakangas 
T, Ohman J, Helen P (2019) The incidence of chronic subdural 
hematomas from 1990 to 2015 in a defined Finnish population. J 
Neurosurg 1–11. https:// doi. org/ 10. 3171/ 2018. 12. JNS18 3035

 34. Riemann L, Zweckberger K, Habel C, Fischer J, Unterberg A, 
Younsi A (2020) Decision tree machine learning to predict unfa-
vorable outcome in surgically treated patients with chronic sub-
dural hematomas. Eur J Neurol 27:363

 35. Rubin DB (1987) Multiple imputation for nonresponse in surveys. 
John Wiley & Sons Inc., New York

 36. Santarius T, Lawton R, Kirkpatrick PJ, Hutchinson PJ (2008) The 
management of primary chronic subdural haematoma: a question-
naire survey of practice in the United Kingdom and the Republic 

2729Acta Neurochirurgica (2022) 164:2719–2730

https://doi.org/10.3171/2014.9.JNS141550
https://doi.org/10.3171/2014.9.JNS141550
https://doi.org/10.1089/neu.2015.4248
https://doi.org/10.1089/neu.2015.4248
https://doi.org/10.1016/j.jocn.2009.09.020
https://doi.org/10.1016/j.jocn.2009.09.020
https://doi.org/10.1007/s00701-015-2575-5
https://doi.org/10.1007/s00701-015-2575-5
http://www.dshr.one
https://doi.org/10.1016/j.clineuro.2004.09.015
https://github.com/harrelfe/rms
https://doi.org/10.1089/neu.2005.22.1025
https://doi.org/10.1089/neu.2005.22.1025
https://doi.org/10.1038/nrneurol.2014.163
https://doi.org/10.1038/nrneurol.2014.163
https://doi.org/10.1016/j.clineuro.2019.05.012
https://doi.org/10.1016/j.clineuro.2019.05.012
https://www.R-project.org/
https://doi.org/10.3171/2018.12.JNS183035


1 3

of Ireland. Br J Neurosurg 22:529–534. https:// doi. org/ 10. 1080/ 
02688 69080 21953 81

 37. Sastry RA, Pertsch N, Tang O, Shao B, Toms SA, Weil RJ (2020) 
Frailty and outcomes after craniotomy or craniectomy for atrau-
matic chronic subdural hematoma. World Neurosurg. https:// doi. 
org/ 10. 1016/j. wneu. 2020. 10. 022

 38. Schaan M, Jaksche H, Boszczyk B (2002) Predictors of out-
come in head injury: proposal of a new scaling system. J Trauma 
52:667–674

 39. Senturk S, Guzel A, Bilici A, Takmaz I, Guzel E, Aluclu MU, 
Ceviz A (2010) CT and MR imaging of chronic subdural hema-
tomas: a comparative study. Swiss Med Wkly 140:335–340

 40. Shen J, Gao Y, Li Q, Ge R, Wang Q, Jiang X, Shao X (2019) 
Risk factors predicting recurrence of bilateral chronic subdural 
hematomas after initial bilateral evacuation. World Neurosurg 
130:e133–e139. https:// doi. org/ 10. 1016/j. wneu. 2019. 06. 016

 41. Soleman J, Nocera F, Mariani L (2017) The conservative and 
pharmacological management of chronic subdural haematoma. 
Swiss Medical Weekly. smw.ch

 42. Stanisic M, Pripp AH (2017) A reliable grading system for predic-
tion of chronic subdural hematoma recurrence requiring reopera-
tion after initial Burr-hole surgery. Neurosurgery 81:752–760

 43 Steyerberg EW, Uno H, Ioannidis JPA, van Calster B, Collab-
orators (2018) Poor performance of clinical prediction mod-
els: the harm of commonly applied methods. J Clin Epidemiol 
98:133–143

 44. Steyerberg EW, Vergouwe Y (2014) Towards better clinical pre-
diction models: seven steps for development and an ABCD for 
validation. Eur Heart J 35:1925–1931. https:// doi. org/ 10. 1093/ 
eurhe artj/ ehu207

 45. Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obu-
chowski N, Pencina MJ, Kattan MW (2010) Assessing the per-
formance of prediction models: a framework for traditional and 
novel measures. Epidemiology 21:128–138

 46. Suero Molina E, Borscheid L, Freistühler M, Zawy Alsofy S, 
Stummer W, Schipmann S (2020) Risk-assessment in chronic sub-
dural hematoma evaluated in 148 patients - a score for predicting 
recurrence. Clin Neurol Neurosurg 195. https:// doi. org/ 10. 1016/j. 
cline uro. 2020. 106020

 47. Takei J, Hirotsu T, Hatano K, Ishibashi T, Inomata T, Noda Y, 
Morooka S, Murayama Y (2021) Modified computed tomography 
classification for chronic subdural hematoma features good inter-
rater agreement: a single-center retrospective cohort study. World 
Neurosurg 151:e407–e417

 48. Talari HR, Fakharian E, Mousavi N, Abedzadeh-Kalahroudi M, 
Akbari H, Zoghi S (2016) The Rotterdam scoring system can 
be used as an independent factor for predicting traumatic brain 
injury outcomes. World Neurosurg 87:195–199. https:// doi. org/ 
10. 1016/j. wneu. 2015. 11. 055

 49 van Buuren S, Groothuis-Oudshoorn K (2011) mice: multivariate 
imputation by chained equations in R. J Stat Soft 45:67. https:// 
doi. org/ 10. 18637/ jss. v045. i03

 50. Van Calster B, McLernon DJ, van Smeden M, Wynants L, Stey-
erberg EW, Bossuyt P, Collins GS, Macaskill P, McLernon DJ, 
Moons KGM, Steyerberg EW, Van Calster B, van Smeden M, 
Vickers Andrew J, On behalf of Topic Group ‘Evaluating diagnos-
tic t, prediction models’ of the Si (2019) Calibration: the Achilles 
heel of predictive analytics. BMC Medicine 17:230. https:// doi. 
org/ 10. 1186/ s12916- 019- 1466-7

 51. van Klaveren D, Gonen M, Steyerberg EW, Vergouwe Y (2016) A 
new concordance measure for risk prediction models in external 
validation settings. Stat Med 35:4136–4152

 52. Vickers AJ, Kramer BS, Baker SG (2006) Selecting patients for 
randomized trials: a systematic approach based on risk group. 
Trials 7:30

 53. Won S-Y, Zagorcic A, Dubinski D, Quick-Weller J, Herrmann E, 
Seifert V, Konczalla J (2018) Excellent accuracy of ABC/2 vol-
ume formula compared to computer-assisted volumetric analysis 
of subdural hematomas. PLoS ONE 13

 54. Won SY, Dubinski D, Eibach M, Gessler F, Herrmann E, Keil F, 
Seifert V, Konczalla J, Behmanesh B (2020) External validation 
and modification of the Oslo grading system for prediction of post-
operative recurrence of chronic subdural hematoma. Neurosurg 
Rev 44(2):961–970. https:// doi. org/ 10. 1007/ s10143- 020- 01271-w

 55. Yan C, Yang M, Huang Y (2018) A reliable nomogram model to 
predict the recurrence of chronic subdural hematoma after Burr 
hole surgery. World Neurosurg 118:E356–E366

 56. Yang J, Brennan P (2020) A prognostic model and web-app for 
predicting ordinal outcomes following Burr-hole surgery for 
chronic subdural haematoma. Br J Surg 107:117–117

 57. Younsi A, Scherer M, Riemann L, Habel C, Fischer J, Unterberg 
A, Zweckberger K (2020) Four standard clinical variables are suf-
ficient to predict an unfavorable outcome after surgical treatment 
of chronic hematoma patients. J Neurosurg 132:114. https:// doi. 
org/ 10. 3171/ 2020.4. JNS. AANS2 020ab strac ts

 58. Zhang JJY, Wang S, Foo A, Quah BL, Sun I, Low SW, Teo K, 
Lwin S, Chou N, Yeo TT, Nga V (2020) Development of a prog-
nostic scoring system to predict risk of reoperation for contralat-
eral hematoma growth after unilateral evacuation of bilateral 
chronic subdural hematoma. J Neurosurg 132:79. https:// doi. org/ 
10. 3171/ 2020.4. JNS. AANS2 020ab strac ts

Publisher's note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

2730 Acta Neurochirurgica (2022) 164:2719–2730

https://doi.org/10.1080/02688690802195381
https://doi.org/10.1080/02688690802195381
https://doi.org/10.1016/j.wneu.2020.10.022
https://doi.org/10.1016/j.wneu.2020.10.022
https://doi.org/10.1016/j.wneu.2019.06.016
https://doi.org/10.1093/eurheartj/ehu207
https://doi.org/10.1093/eurheartj/ehu207
https://doi.org/10.1016/j.clineuro.2020.106020
https://doi.org/10.1016/j.clineuro.2020.106020
https://doi.org/10.1016/j.wneu.2015.11.055
https://doi.org/10.1016/j.wneu.2015.11.055
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1186/s12916-019-1466-7
https://doi.org/10.1186/s12916-019-1466-7
https://doi.org/10.1007/s10143-020-01271-w
https://doi.org/10.3171/2020.4.JNS.AANS2020abstracts
https://doi.org/10.3171/2020.4.JNS.AANS2020abstracts
https://doi.org/10.3171/2020.4.JNS.AANS2020abstracts
https://doi.org/10.3171/2020.4.JNS.AANS2020abstracts

	External validation of prognostic models predicting outcome after chronic subdural hematoma
	Abstract
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Material and methods
	Literature search
	Selection of studies: inclusion and exclusion criteria
	Data extraction
	Study population of the validation cohort
	Measurement of predictors and outcomes in the validation cohort
	Statistical analyses

	Results
	Included publications
	Models selected for validation
	Population
	Performance of models in the retrospective database

	Discussion
	Limitations and future directions

	Conclusion
	Acknowledgements 
	References


