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Measuring the quality of delivered care has gained 
increasing attention in all medical fields over the 
past decade. Healthcare administrators have be-

gun to consider quality aspects for remuneration purposes, 
an aspect that has also been implemented in the field of 
neurosurgery.1 For this purpose, various performance and 
quality indicators are under current investigation, aim-

ing at measuring the quality of care. Among them are the 
30-day reoperation rate, the 30-day readmission rate, and 
nosocomial infection and mortality rates.2–7

Not only should quality indicators be used for measur-
ing the quality of care, but also they could be of potential 
use for benchmarking purposes to compare the outcome 
and quality of different neurosurgical departments. As de-
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OBJECTIVE Various quality indicators are currently under investigation, aiming at measuring the quality of care in 
neurosurgery; however, the discipline currently lacks practical scoring systems for accurately assessing risk. The aim of 
this study was to develop three accurate, easy-to-use risk scoring systems for nosocomial infections, reoperations, and 
adverse events for patients with cerebral and spinal tumors.
METHODS The authors developed a semiautomatic registry with administrative and clinical data and included all pa-
tients with spinal or cerebral tumors treated between September 2017 and May 2019. Patients were further divided into 
development and validation cohorts. Multivariable logistic regression models were used to develop risk scores by assign-
ing points based on β coefficients, and internal validation of the scores was performed.
RESULTS In total, 1000 patients were included. An unplanned 30-day reoperation was observed in 6.8% of patients. 
Nosocomial infections were documented in 7.4% of cases and any adverse event in 14.5%. The risk scores comprise 
variables such as emergency admission, nursing care level, ECOG performance status, and inflammatory markers 
on admission. Three scoring systems, NoInfECT for predicting the incidence of nosocomial infections (low risk, 1.8%; 
intermediate risk, 8.1%; and high risk, 26.0% [p < 0.001]), LEUCut for 30-day unplanned reoperations (low risk, 2.2%; 
intermediate risk, 6.8%; and high risk, 13.5% [p < 0.001]), and LINC for any adverse events (low risk, 7.6%; intermediate 
risk, 15.7%; and high risk, 49.5% [p < 0.001]), showed satisfactory discrimination between the different outcome groups 
in receiver operating characteristic curve analysis (AUC ≥ 0.7).
CONCLUSIONS The proposed risk scores allow efficient prediction of the likelihood of adverse events, to compare 
quality of care between different providers, and further provide guidance to surgeons on how to allocate preoperative 
care.
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partments treat patients with different complexity levels 
and varying baseline medical comorbidities, methods of 
adequate risk adjustment are indispensable.

Efforts to develop models to predict the likelihood of 
adverse outcome have been made at the healthcare provid-
er level. For this purpose, administrative data from large 
databases are often used, as they appear to be attractive 
per se, since the data are evaluable without additional fi-
nancial outlay and are readily available and retrievable.8,9 
However, administrative data have been shown to not re-
flect the endogenous patient risk.10

Still, there is only little information about risk factors 
and methods for adequate risk adjustment to compare dif-
ferent healthcare providers. Building on the results of the 
first prospective study on outcome predictors in neurosur-
gery by Reponen et al., we aimed at developing a high-
quality clinical data registry with prospective data entry.11 
This data registry combined administrative and clinical 
data to design novel risk prediction models for predict-
ing different quality outcome measures in neurosurgical 
patients with cerebral and spinal tumors.

Methods
All adult patients who were diagnosed with a primary 

or recurrent, benign or malignant spinal or brain tumor 
and hospitalized between September 2017 and May 2019 
at the Department of Neurosurgery, University Hospital 
Münster, were prospectively included in this study. Pa-
tients who had previously undergone treatment of the tu-
mor in a different neurosurgical department and admitted 
to our department for a surgical complication were exclud-
ed from the analysis.

A semiautomatic database was designed in collabora-
tion with the Institute of Medical Informatics. The data-
base automatically retrieved baseline and administrative 
data from the digital medical records of each patient such 
as age, sex, data on admission, duration and timing of 
surgery, and laboratory results on admission (leukocytes, 
platelets, C-reactive protein [CRP], and prothrombin time/
international normalized ratio [INR]). Blood results were 
further stratified into clinically relevant stages: leukopenia 
(< 3910 leukocytes/μl), leukocytosis (> 10,900 leukocytes/
μl), CRP > 1 mg/L, and INR > 1.2 as defined by the labo-
ratory reference ranges. Continuous variables such as age 
and cutting-suture time (i.e., time from incision to suture) 
were converted into categorial variables, using the median 
as the cutoff value. For the development of risk scores, it 
is considered useful to transfer numeric variables into cat-
egorial variables to discriminate between two values and 
assign the patients to the various risk groups. BMI was 
stratified according the WHO obesity classification. The 
European Cooperative Oncology Group (ECOG) perfor-
mance status was stratified into 0 and ≥ 1 to differentiate 
asymptomatic patients from patients who show symptoms 
of their underlying disease. Nursing care level in the Ger-
man context refers to persons with a permanent significant 
limitation in everyday life competence and having a need 
for assistance in the field of basic nursing and household 
assistance, and it is comparable to the US nursing home 
level of care. For our purpose, two categories were de-

fined, discriminating patients with a permanent significant 
limitation in everyday life competence (any nursing care 
level) from those without.

After craniotomy for brain tumor resection, patients 
routinely stay 1 day in the ICU at our department. We 
therefore stratified length of stay (LOS) in the ICU into ≤ 1 
and ≥ 2 days. Information regarding neuropathological re-
sults, secondary diagnoses, surgical outcome, and adverse 
events occurring during the inpatient stay was manually 
obtained by clinicians from medical records and added to 
the database. Neurosurgical diagnosis was subdivided into 
different groups, such as glioma, meningioma, metastasis, 
and lymphoma.

Secondary diagnoses, already present on admission, 
were classified into the 19 items of the Charlson Comor-
bidity Index (CCI)12 and supplemented by other metrics 
associated with a possible impact on surgical outcome, 
such as decubitus ulcers, drug abuse, epilepsy, coagulopa-
thy, previous radio- or chemotherapy, paralysis, nicotine 
abuse, oral anticoagulation, use of antiplatelet drugs, and 
stroke. The age-adjusted CCI (ACCI) was calculated as 
described before.12,13

Regarding selection of variables, we included variables 
that have been proved to impact related outcome measures 
(e.g., CCI12) that are part of existing data registries (e.g., 
National Neurosurgical Audit Program [NNAP]14 and 
National Neurosurgery Quality and Outcomes Database 
[N2QOD],15 currently known as the Quality Outcomes Da-
tabase [QOD]) or variables that we believed could poten-
tially impact the outcome measure based on our clinical 
experience (e.g., cutting-suture time and type of surgery).

The primary outcome measures of this study were 30-
day unplanned reoperation rates, 30-day unplanned re-
admission rates, 30-day mortality rates, and nosocomial 
and surgical site infection rates within 30 days, as defined 
before.5 In addition, the variable “any adverse event” was 
calculated, describing the occurrence of one of these men-
tioned outcomes. Readmissions to hospitals other than the 
index center were not recorded. Inclusion and analysis 
were case-based and not patient-specific. The study was 
approved by the local ethics committee, and patient con-
sent was obtained in each case.

Statistical Analysis
IBM SPSS Statistics version 25.0 software (IBM 

Corp.) was used for statistical analysis. All cases were 
randomly assigned into a development group (n = 700) or 
a validation group (n = 300). Data were described using 
standard statistics with absolute and relative frequencies 
for categorical variables and mean, median, and range 
for continuous variables, as appropriate. The chi-square 
test and univariate logistic regression modeling were ap-
plied to identify differences regarding the proportion of 
the variables, as appropriate. Variables that had an effect 
on primary outcome measures were identified within the 
development group. Variables that were statistically sig-
nificant in univariate analyses were entered into a multi-
variable logistic regression model. Odds ratios (ORs) were 
obtained with corresponding 95% confidence intervals 
(CIs). In order to develop prognostic scores, we used the 
β coefficients of the prognostic relevant variables and as-
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signed points proportional to the coefficient. The popula-
tion was divided into three categories: patients at low, in-
termediate, and high risk for the occurrence of any of the 
outcome measures. For internal validation of the score, the 
validation group was used. To assess the risk prediction 
model, receiver operating characteristic (ROC) curves of 
both groups were conducted, with an area under the curve 
(AUC) ≥ 0.7 reflecting reasonable discrimination results. 
A probability value < 0.05 was considered statistically 
significant throughout the entire analyses. All reported 
p values are two-sided. Cases with missing information 
about one variable were excluded from the correspond-
ing statistical analyses but not from the entire study. For 
the analysis of reoperation, only cases with surgery during 
index admission were considered. Statistical models were 
conceptualized in collaboration with statisticians. This 
study is reported with respect to the STROBE Statement.16

Results
In total, 1000 cases of patients with both benign and 

malignant cerebral and spinal tumors were included in 
the study. Most patients were diagnosed with glioma (n = 
365, 36.5%). Baseline characteristics as well as details on 
the development and validation cohort are summarized in 
Table 1. The development group contained more patients 
aged between 18 and 56 years (p = 0.03). There were no 
further statistically relevant differences between both co-
horts.

Outcome Measures
The 30-day unplanned readmission rate was 4.5% (n 

= 45). An unplanned neurosurgical reoperation within 30 
days after index surgery was observed in 61 cases (6.8%). 
Surgical site infections were documented in 1.8% (n = 
18). The nosocomial infection rate was 7.4% (n = 74). The 
overall mortality rate after 30 days was 1.1% (n = 11). 
The median LOS was 7.17 days (range 1–73 days). There 
were no statistically significant differences between the 
outcome measures and the underlying tumor entity. Any 
adverse event occurred in 14.5% (n = 145). In addition, 
the outcome measures did not show any significant dif-
ferences between the development and validation cohorts.

Risk Factors for Outcome Measures and Adverse Events
Leukocytosis present on admission was a risk factor for 

an unplanned reoperation within 30 days (OR 2.85, 95% 
CI 1.32–6.16; p < 0.001) and was also associated with any 
adverse event (OR 1.83, 95% CI 1.02–3.28; p < 0.001). 
Patients treated for a recurrent tumor were at higher risk 
for developing a surgical site infection (OR 29.39, 95% CI 
1.85–465.68; p = 0.02). Further independent risk predic-
tors from the multivariate analysis are summarized in 
Table 2.

Model Development and Estimation of Risk Scores
We developed easy-to-use prognostic scores for strati-

fying 30-day reoperation, nosocomial infection, and any 
adverse events (Table 3). We also attempted to develop 
models for the other outcome measures, surgical site in-

fection, 30-day mortality, and 30-day readmission. How-
ever, the model performance was low when using ROC 
analysis.

Nosocomial Infections
The risk score NoInfECT for nosocomial infections 

comprised Nursing care level, length of stay on the ICU, 
Emergency admission, CRP on admission, and recurrenT 
diagnosis. The model performance was good, revealing 
an AUC of 0.8 for the development cohort and 0.7 for the 
validation cohort. Patients were stratified according to the 
sum of the score into low-, intermediate-, and high-risk 
groups for manifestation of nosocomial infections (Table 
4). The incidence of nosocomial infections varied signifi-
cantly between the different risk groups (1.8% in the low-
risk, 8.1% in the intermediate-risk, and 26% in the high-
risk groups; p < 0.001) (Fig. 1A). Nosocomial infections 
included urinary tract infection, pneumonia, meningitis, 
and surgical site infection.

Thirty-Day Unplanned Reoperation 
Components of the LEUCut risk score predicting 30-

day unplanned reoperations are Leukocytosis, ECOG on 
admission, Urgency of surgery and Cutting-suture time 
of index surgery (Table 3). Validation of the score yielded 
an AUC of 0.7 for both the development and validation 
groups, indicating a fair discrimination. Classifying pa-
tients into different risk groups revealed an incidence for 
reoperation of 2.2% in the low-risk, 6.8% in the interme-
diate-risk, and 13.5% in the high-risk groups (p < 0.001) 
(Table 4 and Fig. 1B). Reasons for unplanned reoperations 
included complications due to implants, hydrocephalus, 
CSF leakage, secondary hemorrhage, decrease in vigi-
lance, tumor progression, and second-look or repeated 
stereotaxy due to unclear results.

Any Adverse Event
We further developed a score to predict the occurrence 

of any adverse event. The score comprises Leukocytosis, 
length of stay in the ICU, Nursing care level, and CRP on 
admission (LINC) (Table 3). The AUCs were 0.73 and 0.71 
in the development and validation cohorts, respectively. 
Again, patients were classified into low-risk (incidence 
7.6%), intermediate-risk (15.7%), and high-risk (49.5%) 
groups (Table 4 and Fig. 1C).

Discussion
Comparing outcome and quality of different neurosur-

gical providers for benchmarking purposes is only feasi-
ble if it is based on evidence of accurate risk stratification 
models retrieved from large cohort studies. Otherwise, 
hospitals with higher-risk patients, although perform-
ing comparatively well, are mistakenly perceived as less 
successful in terms of surgical performance. As grading 
surgeons and hospitals according to their success rates in 
neurosurgical procedures has become common practice in 
countries such as the United Kingdom14 and the US,17 the 
importance of high-quality clinical data registries for the 
European sector is indisputable.
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TABLE 1. Baseline characteristics of all cases stratified into development and validation cohorts

Category All Cases Development Group Validation Group
p 

Value

Age, yrs
Median, range 56.0 (18–91) 55.0 (18–91) 57.0 (18–85) 0.84

18–56 515 (51.5) 376 (53.7) 139 (46.3) 0.03
>56 485 (48.5) 324 (46.3) 161 (53.7)

Sex
Male 488 (48.8) 346 (49.4) 142 (47.3) 0.54

Female 512 (51.2) 354 (50.6) 158 (52.7)

BMI, kg/m2

Mean, range 25.72 (15.8–63.7) 25.93 (15.8–54.1) 25.56 (17.2–63.7) 0.25
<18.5 21 (2.3) 15 (2.3) 6 (2.2)

0.9818.5–24.9 388 (41.9) 271 (41.7) 117 (42.4)
>24.9 517 (55.8) 364 (56.0) 153 (55.4)

Neurosurgical diagnosis

Glioma 365 (36.5) 253 (36.1) 112 (37.3)

0.29

Cranial meningioma 154 (15.4) 101 (14.4) 53 (17.7)
Cerebral metastasis 141 (14.1) 101 (14.4) 40 (13.3)

Sellar tumor 100 (10.0) 77 (11.0) 23 (7.7)
Vestibular schwannoma 37 (3.7) 19 (2.7) 18 (6.0)

Cerebral lymphoma 16 (1.6) 12 (1.7) 4 (1.3)
Other benign brain tumors 35 (3.5) 25 (3.6) 10 (3.3)

Other malignant brain tumors 18 (1.8) 13 (1.9) 5 (1.7)
Spinal meningioma 60 (6.0) 45 (6.4) 15 (5.0)
Spinal metastasis 31 (3.1) 25 (3.6) 6 (2.0)
Spinal lymphoma 9 (0.9) 5 (0.7) 4 (1.3)

Other benign spinal tumors 21 (2.1) 14 (2.0) 7 (2.3)
Other malignant spinal tumors 13 (1.3) 10 (1.4) 3 (1.0)

Tumor dignity
Benign 391 (39.1) 275 (39.3) 116 (38.7)

0.85
Malignant 609 (60.9) 425 (60.7) 184 (61.3)

Primary vs recurrent tumor
Primary 596 (59.6) 407 (58.1) 189 (63.0)

0.15
Recurrent 404 (40.4) 293 (41.9) 111 (37.0)

ACCI
≤2 479 (47.9) 344 (49.1) 135 (45.0)

0.23
>2 521 (52.1) 356 (50.9) 165 (55.0)

Secondary diagnoses on admission

Alcohol abuse 16 (1.6) 12 (1.7) 4 (1.3) 0.66
Tobacco abuse 99 (9.9) 70 (10.0) 29 (9.7) 0.87

Arterial hypertension 311 (31.1) 211 (30.1) 100 (66.7) 0.32
Anemia 445 (44.5) 309 (44.1) 136 (45.3) 0.73

Chemotherapy w/in 6 wks 57 (5.7) 44 (6.3) 13 (4.3) 0.22
Stroke 25 (2.5) 13 (1.9) 12 (4.0) 0.05

Epilepsy 187 (18.7) 132 (18.9) 55 (18.3) 0.85
Pulmonary embolism 11 (1.1) 8 (1.1) 3 (1.0) 0.84

No. of secondary diagnoses on admission
≤1 878 (87.8) 608 (86.9) 270 (90.0)

0.16
>1 122 (12.2) 92 (13.1) 30 (10.0)

Leukopenia, leukocytes/μl <3910 49 (4.9) 36 (5.1) 13 (4.3) 0.59
Leukocytosis, leukocytes/μl >10,900 199 (19.9) 142 (20.3) 57 (19.0) 0.64
Thrombocytopenia, leukocytes/μl ≤100,000 11 (1.1) 7 (1.0) 4 (1.3) 0.64

CRP, mg/L
≤1 838 (83.8) 583 (83.3) 255 (85.0)

0.5
>1 162 (16.2) 117 (16.7) 45 (15.0)

INR
≤1.2 31 (3.1) 25 (3.6) 6 (2.0)

0.19
>1.2 969 (96.9) 675 (96.4) 294 (98.9)

Nursing care level
None 913 (94.3) 639 (94.8) 274 (93.2)

0.32
Any 55 (5.7) 35 (5.2) 20 (6.8)

CONTINUED ON PAGE 1230 »

Unauthenticated | Downloaded 05/23/23 11:24 PM UTC



Lohmann et al.

J Neurosurg Volume 134 • April 20211230

Risk scoring systems have proved to be helpful, easy-
to-use methods in different medical specialties when 
predicting the probability of undesirable adverse events 
depending on individual patient characteristics.18–20 Re-
search regarding quality indicators in neurosurgery has 
widely been carried out; however, the discipline currently 
lacks practical scoring systems for accurately quantify-
ing and predicting risk.6 While indices for mortality and 
30-day unplanned readmission rates have been discussed 
before,21,22 we developed novel risk predication scores for 
the occurrence of 30-day unplanned reoperations, noso-
comial infections, and any adverse events in neurosurgical 
patients undergoing surgery for cranial and spinal tumors.

On the basis of the semiautomatic clinical registry da-
tabase, three scores were developed to equip clinicians 
with practical tools that allow for instant calculation of a 
risk, estimating the occurrence of nosocomial infections 
(NoInfECT score), 30-day unplanned reoperations (LEU-
Cut score), and any adverse event (LINC score).

Each scoring system showed AUC results between 0.7 
and 0.8 in ROC analysis, indicating satisfactory predict-
ability of the occurrence of the specific event. The scores 
were subsequently internally validated in a separate group 
of patients from the same center.

All three outcome measures are based on both static 
patient baseline characteristics (e.g., ECOG performance 
status and nursing care level) and modifiable and unsteady 
factors that can be helpful in allocating appropriate pre-
operative care (e.g., high inflammatory markers). As our 
analysis showed that inflammatory markers on admission 
(leukocytosis and CRP) have a strong impact on outcome 
measures, aiming to decrease inflammatory activity prior 
to surgery might be beneficial in terms of prophylactic 
means. Adequate investigation of the focus of infection 
and precise treatment should be performed prior to sur-
gical treatment, which might require postponing the date 
of surgery, if justifiable.23 In this case, individual findings 
will be discussed by the team, taking into consideration 

» CONTINUED FROM PAGE 1229

TABLE 1. Baseline characteristics of all cases stratified into development and validation cohorts

Category All Cases Development Group Validation Group
p 

Value

ASA class

I 93 (10.5) 65 (9.3) 28 (9.3)

0.96
II 579 (65.6) 407 (58.1) 172 (57.3)
III 206 (23.2) 143 (20.4) 63 (21.0)
IV 5 (0.6) 4 (0.6) 1 (0.3)

GCS score
3–12 11 (1.1) 10 (1.4) 1 (0.3)

0.2913 or 14 36 (3.6) 24 (3.4) 12 (4.0)
15 953 (95.3) 666 (95.1) 287 (95.7)

ECOG PS
0 652 (62.5) 462 (66.0) 190 (63.3)

0.42
≥1 348 (34.8) 238 (34.0) 110 (36.7)

Discharge location

Home 752 (75.2) 524 (74.9) 228 (76.0)

0.92
Other hospital 203 (20.3) 143 (20.4) 60 (20.0)

Rehabilitation clinic 3 (0.3) 2 (0.3) 1 (0.3)
Nursing home 2 (0.2) 1 (0.1) 1 (0.3)

Other department w/in hospital 40 (4.0) 30 (4.3) 10 (3.3)

Urgency of admission
Elective 885 (88.5) 614 (87.7) 271 (90.3)

0.23
Emergency 115 (11.5) 86 (12.3) 29 (9.7)

Urgency of surgery
Elective 840 (93.8) 586 (93.6) 254 (94.1)

0.79
Emergency 56 (6.2) 40 (6.4) 16 (5.9)

No. of surgeries
0 104 (10.4) 74 (10.6) 30 (10.0)

0.801 827 (82.7) 580 (82.9) 247 (82.3)
≥2 69 (6.9) 46 (6.6) 23 (7.7)

Cutting-suture time, mins
0–200 437 (48.8) 312 (49.8) 125 (46.3)

0.33
>200 459 (51.2) 314 (50.2) 145 (53.7)

Biopsy vs resection
Resection 797 (89.0) 559 (89.3) 238 (88.1)

0.62
Biopsy 99 (11.0) 67 (10.7) 32 (11.9)

ICU LOS, days
≤1 904 (90.4) 641 (91.6) 263 (87.7) 0.06
≥2 96 (9.6) 59 (8.4) 37 (12.3)

ASA = American Society of Anesthesiologists; GCS = Glasgow Coma Scale; PS = performance status.
Values represent the number of cases (%) unless stated otherwise. Percentages are based on the number of cases with existing data for that variable. Boldface type 
indicates statistical significance.
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TABLE 2. Multivariate logistic regression model predicting 30-day unplanned reoperations, unplanned readmissions, and mortality; 
surgical site infections; nosocomial infections; and any adverse event

Category OR
95% CI

p ValueLower Limit Upper Limit

Nosocomial infection*

 Nursing care level
None Ref

<0.001
Any 6.94 1.63 29.58

 ICU LOS, days
≤1 Ref

<0.001
≥2 12.42 4.21 36.62

 Urgency of admission
Elective Ref

0.03
Emergency 3.36 1.14 9.90

 CRP, mg/L
≤1 Ref

<0.001
>1 3.34 1.41 7.92

 Primary vs recurrent tumor
Primary Ref

<0.001
Recurrent 3.40 1.54 7.53

30-day unplanned reoperation†

 Leukocytosis, leukocytes/μl
≤10,900 Ref

<0.001
>10,900 2.85 1.32 6.16

 ECOG PS
0 Ref

0.02
≥1 4.28 1.21 15.16

 Urgency of surgery 
Elective Ref

<0.001
Emergency 5.40 1.63 17.90

 Cutting-suture time, mins
0–200 Ref

<0.001
>200 3.44 1.52 7.78

Any adverse event‡

 Leukocytosis, leukocytes/μl
≤10,900 Ref

<0.001
>10,900 1.83 1.02 3.28

 ICU LOS, days
≤1 Ref

<0.001
≥2 11.42 5.70 22.88

 Nursing care level
No Ref

<0.001
Any 5.14 1.91 13.85

 CRP, mg/L
≤1 Ref

<0.001
>1 2.53 1.35 4.74

30-day unplanned readmission§

 Age, yrs
0–56 2.57 1.04 5.86

0.041
>56 Ref

 Glioma
No Ref

0.03
Yes 2.34 1.07 5.13

30-day mortality¶ 

 Urgency of admission
Elective Ref

<0.001
Emergency 15.09 2.04 111.89

Surgical site infection**

 Primary vs recurrent tumor
Primary Ref

0.02
Recurrent 29.39 1.85 465.68

 Cranial meningioma
No Ref

0.03
Yes 19.75 1.28 305.77

The following is a list of variables that were included in each model but were not statistically significant.
* ACCI, age, anemia, BMI, ECOG performance status, leukocytosis, new neurological deficit, number of secondary diagnoses, number of surgeries, pulmonary embo-
lism, thrombocytopenia, urgency of admission, and urgency of surgery.
† American Society of Anesthesiologists class, Glasgow Coma Scale score, number of secondary diagnoses, and nursing care level.
‡ ACCI, anemia, degree of care, ECOG performance status, urgency of admission, and urgency of surgery.
§ Age, anemia, chemotherapy within 6 weeks, glioma, nursing care level, and primary versus recurrent tumor.
¶ ACCI, biopsy versus resection, CRP, ECOG performance status, Glasgow Coma Scale score, ICU LOS, leukocytosis, location before admission, number of second-
ary diagnoses, nursing care level, and thrombocytopenia.
** Anemia, INR, number of surgeries, sex, stroke, urgency of admission, urgency of surgery, and vestibular schwannoma.
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the underlying neurosurgical disease, the general health 
condition of the patient, and the severity of the infection. 
In addition, LOS in the ICU appears to be important for 
outcome prediction. After cranial surgery, our patients 
routinely stay for 1 night after surgery in the ICU. We fo-
cus on early mobilization and follow strict hygienic stan-
dards to impact that variable.

Another decisive advantage of our scoring systems is 
their high practicability. Other scores are criticized due 
to their impracticability in the clinical setting. As an ex-
ample, the American College of Surgeons National Surgi-
cal Quality Improvement Program (NSQIP) Surgical Risk 
Calculator requires manual data entry of 22 variables.24 
Out of the high number of analyzed variables, not more 
than 5 factors were statistically significant in multivariable 
analysis for each of the developed outcome measures in 
our study and included in the scores. In the daily clini-
cal setting, depending on the score, 4 or 5 variables are 
needed to predict outcome. Furthermore, all variables are 
of categorical property and therefore easy to classify for 
the clinician. Difficulties of different coding strategies are 
mitigated by succinct categories. With respect to already 
existing scores, such as the NSQIP (22 variables)24 and the 
Surgical Risk Preoperative Assessment System (SURPAS) 
(8 variables),25 we believe that our scoring systems will be 
comparatively easy to use in the daily routine.

To underline the applicability of our score, we present 
a small case illustration. A 75-year-old patient with level 
1 nursing care after a hip fracture a year previously and 
resulting impairment of mobility was admitted after a sei-
zure. MRI revealed a right frontal 2-cm contrast-enhancing 
lesion, consistent with a high-grade glioma. On admission, 
the patient was neurologically unremarkable. Laboratory 
results revealed elevated CRP and leukocytosis. Using 
the LINC score for any adverse event, the patient’s score 
reached 31 points (assuming a 1-day stay in the ICU), and 
he was assigned to the high-risk group. Chest radiographs 
revealed pneumonia, and antibiotic treatment was initi-
ated; after 3 days, infectious parameters normalized and 
the score decreased to 16 points (intermediate-risk group). 
Thus, by treating the pneumonia prior to surgery, we low-
ered the patient’s risk of experiencing any adverse event by 
33.8 percentage points.

A widely used score for the prediction of 30-day mor-
tality and unplanned 30-day readmission is the LACE 
index.26 Originally developed for internal medicine, the 
LACE index relies on variables less likely to play a cru-
cial role for neurooncological patients. This score includes 
emergency visits within 6 months before index admission 
as one of the 4 input variables. Nevertheless, patients with 
spinal or cerebral tumors often show an acute onset of 
symptoms like seizures or motor deficits. Only in rare cas-
es can an emergency admission in the near past be tracked. 
A recent study validated the score in a neurosurgical col-
lective and demonstrated good correlation between high 
scoring results and mortality and readmission.21 We could 
not extract a sufficient prediction model for these two out-
come measures from our data in a pure neurooncological 
setting. In contrast, our scores were specifically designed 
for patients with spinal and cerebral tumors.

Another score, the SURPAS, mentioned above, is based 

on 8 variables and integrated into electronic health records 
(EHRs).25 Similarly, this score only relies on administra-
tive data and does not draw on clinical registries.

Although Reponen et al. suggested combining the Hel-
sinki ASA (a local modification of the American Society 
of Anesthesiologists Physical Classification System) score 
with age and CRP for risk prediction in neurosurgery,11 for 

TABLE 3. Calculation of the scores to predict the occurrence of 
nosocomial infections, 30-day unplanned reoperations, and any 
adverse event

Category
β  

Coefficient p Value Score

NoInfECT score

 Nursing care level
None Ref

0.009 +20
Any 1.96

 ICU LOS, days
≤1 Ref

<0.001 +25
≥2 2.52

 Urgency of admis-
sion

Elective Ref
0.028 +12

Emergency 1.21

 CRP, mg/L
≤1 Ref

0.006 +12
>1 1.21

 Primary vs recurrent 
tumor

Primary Ref
0.002 +12

Recurrent 1.23
 Total (max score 81)
LEUCut score

 Leukocytosis, leuko-
cytes/μl

≤10,900 Ref
0.008 +10

>10,900 1.05

 ECOG PS
0 Ref

0.024 +15
≥1 1.45

 Urgency of admis-
sion

Elective Ref
0.028 +12

Emergency 1.21

 Cutting-suture time, 
mins

0–200 Ref
0.003 +12

>200 1.24
 Total (max score 49)
LINC score*

 Leukocytosis, leuko-
cytes/μl

≤10,900 Ref
0.044 +6

>10,900 0.60

 ICU LOS, days
≤1 Ref

<0.001 +24
≥2 2.44

 Nursing care level
None Ref

0.001 +16
Any 1.64

 CRP, mg/L
≤1 Ref

0.004 +9
>1 0.93

 Total (max score 55)

* Any adverse event is characterized by the occurrence of at least 1 of the 
following: 30-day unplanned reoperation, unplanned readmission, and/or 
mortality; surgical site infection; and/or nosocomial infection.
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our cohort these variables were statistically significant in 
the univariate analysis, while CRP was the only variable 
out of three that was significant in the multivariable logis-
tic regression model.

Compared with other neurosurgical providers and data 
from the literature, outcome measures derived from our 
department are favorable. The unplanned reoperation rate 
is comparable with other providers who report rates be-
tween 3.1% and 8.9%.27–29

Similarly, nosocomial infection rates (7.4%) and surgi-
cal site infection rates (1.8%) were lower when compared 
with other published results.30,31 The occurrence of any ad-
verse event (14.5%) appears to be low; however, it is chal-
lenging to appropriately compare, as it is highly dependent 
on which events are included in this cumulative variable.

A major strength of our study is the incorporation of 
both clinical and administrative data into our registry for 
the development of risk adjustment models. Previous stud-
ies addressing this issue have generally relied solely on 
administrative data.10,32,33

Comprehensive registries of administrative data are 
common practice in neurosurgery to track patient charac-
teristics and allow for risk adjustment, such as the NNAP 
in the United Kingdom and the N2QOD in the US.14,17 Both 
databases were launched with the aim to track quality of 
care and identify risk adjustment tools for nationwide 
comparisons of neurosurgical providers. Many studies on 
quality indicators in neurosurgery are based on compre-
hensive patient data derived from these databases.8,17,27,34,35 
Most studies do not distinguish between comorbidities and 
patient characteristics that are present on admission and 
those occurring during the in-hospital stay. Recent stud-
ies demonstrated the problem of misleading results when 
solely relying on administrative data.36 Furthermore, qual-
ity and scope of coding of administrative data differ be-
tween different healthcare providers, which makes direct 
comparisons challenging.37

Although the reliance on readily available data appears 
to be favorable, we believe that a combined clinical and 
administrative data registry leads to the most accurate re-
sults when analyzing and comparing outcome measures. 
Our semiautomatic database combined clinical and ad-
ministrative data to include more than 100 variables that 
addressed both baseline characteristics on admission and 

complications that occurred during inpatient stay. Where-
as baseline characteristics were retrieved automatically 
from electronic medical records, reasons for reoperations, 
complications during surgery, or details on tumor histol-
ogy were inserted manually.

Comorbidities derived from the ACCI showed no signif-
icant impact on our outcome measures. The score allocates 
each comorbidity category an associated weight.38,39 As the 
score was developed more than 30 years ago and potential-
ly does not accurately represent present circumstances and 
conditions with possible effects on neurosurgical outcome, 
additional comorbidities not covered by the ACCI, such as 
stroke or epilepsy, were included in our database.

Hospital LOS is discussed as a possible outcome mea-
sure in the scientific literature.40–42 However, we do not 
consider LOS as a potential risk measure, as the predic-
tion of expected hospital stay is highly dependent on tu-
mor entity, surgical procedure, and underlying healthcare 
system.43,44 Furthermore, scheduling the date of surgery 
might be affected by urgency of surgery, the necessity of 
preoperative examinations, and additional imaging or bed 
occupancy of the department, so that some surgeries might 
be performed several days after admission and LOS might 
be prolonged without indicating worse surgical quality. In 
many neurooncological cases, the selected procedure is at 
the discretion of the surgeon. As a consequence, complete 
resections, which may result in superior long-term results 
for the patient compared with obtaining a biopsy, are fol-
lowed by longer regeneration times at the hospital without 
indicating worse quality of the delivered care.44

Limitations
The study is limited by the fact that data were derived 

from patients admitted to a single university-affiliated 
neurosurgical center. The results might not be generaliz-
able to other neurosurgical providers because of different 
local practices and management guidelines. Further stud-
ies are required for external validation of our scores. In ad-
dition, the actual readmission rate could be higher than re-
corded due to the fact that some patients may have sought 
readmission to a different hospital that was not captured 
in this study. The common population bias of predictive 
models could also apply to our scoring systems. Although 
the study might be biased toward the patient population it 

TABLE 4. Stratification of risk groups based on the score for the occurrence of nosocomial infection, 30-day 
unplanned reoperation, and any adverse event

Risk Group Score No. of Cases (%) No. of Events (%) OR 95% CI p Value

NoInfECT score
Low 0 394 (40.7) 7 (1.8)

Intermediate 1–25 470 (48.6) 38 (8.1) 4.86 2.15–11.02 <0.001
High >25 104 (10.7) 27 (26) 19.39 8.15–46.11 <0.001

LEUCut score
Low 0–10 276 (30.8) 6 (2.2)

Intermediate 11–25 428 (47.8) 29 (6.8) 3.27 1.34–7.98 0.009
High >25 192 (21.4) 26 (13.5) 7.05 2.84–17.48 <0.001

LINC score
Low 0 580 (59.9) 44 (7.6)

Intermediate 1–22 287 (29.7) 45 (15.7) 2.27 1.46–3.53 <0.001
High >23 101 (10.4) 50 (49.5) 11.94 7.27–19.62 <0.001
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FIG. 1. Percentage of patients with nosocomial infections (A), 30-day unplanned reoperations (B), and any adverse event (C) as a 
function of the different scores, stratified into low-, intermediate-, and high-risk groups. ***p < 0.001.
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was initially developed for, the patient cohort was highly 
heterogeneous. As all adult patients with different spinal 
and cerebral tumors were included, the group represents a 
common patient cohort of neurooncological centers in Eu-
rope and Germany. To validate the risk scoring systems on 
more homogeneous patient groups, focused analyses based 
on different tumor classes (glioma, meningioma, vestibu-
lar schwannoma, pituitary adenoma, and spinal tumor) are 
currently being carried out and will be subject to further 
studies.

The observation period was from September 2017 to 
May 2019. A long data collection period might be subject 
to concern that clinical procedures may have changed. 
However, all relevant international and national guidelines 
for the treatment of these patients have not substantially 
changed over the past 2 years.

Conclusions
We developed easy-to-use and practical scoring sys-

tems for the prediction of common adverse events in 
neurooncological daily practice based on a registry with 
administrative and clinical data. The scores not only al-
low for effectively predicting the likelihood of nosoco-
mial infections, reoperations, and adverse events, but also 
demonstrate an appropriate benchmark for quality of care 
and enable adequate risk adjustment to compare differ-
ent neurosurgical providers. Thereby, the scores and their 
variables provide guidance to surgeons on how to allocate 
preoperative care.
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