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Abstract Introduction: We developed and validated a clinically applicable decision tree for the use of cere-
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brospinal fluid biomarkers in the diagnosis of Alzheimer’s disease (AD).
Methods: Subjectswith probableAD (n5 1004) and controls (n5 442)were included. A decision tree
was modeled using Classification And Regression Tree analysis in a training cohort (AD n5 221; con-
trols n5 221) and validated in an independent cohort (AD n5 783; controls n5 221). Diagnostic per-
formance was compared to previously defined cutoffs (amyloid b 1-42, 813 pg/ml; tau.375 pg/ml).
Results: Two cerebrospinal fluid AD biomarker profiles were revealed: the “classical” AD
biomarker profile (amyloid b 1-42: 647-803 pg/ml; tau.374 pg/ml) and an “atypical” AD biomarker
profile with strongly decreased amyloid b 1-42 (,647 pg/ml) and normal tau concentrations (,374
pg/ml). Compared to previous cutoffs, the decision tree performed better on diagnostic accuracy
(86% [84-88] vs 80% [78-83]).
Discussion: Two cerebrospinal fluid AD biomarker profiles were identified and incorporated in a
readily applicable decision tree, which improved diagnostic accuracy.
� 2018 The Authors. Published by Elsevier Inc. on behalf of the Alzheimer’s Association. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
4.0/).
Keywords: Alzheimer’s disease; CSF; Amyloid b 1-42; Tau; Clinical implementation; Decision tree; CART; Cutoff; Cerebro-
spinal fluid
1. Introduction

Cerebrospinal fluid (CSF) biomarkers amyloid b 1-42
(Ab42), total tau (tau), and phosphorylated tau (Ptau) can
aid in the diagnosis of Alzheimer’s disease (AD) [1]. Ac-
cording to the recent National Institute on Aging and
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Alzheimer’s Association (NIA-AA) criteria and Interna-
tional Working Group (IWG)-2 criteria, an abnormal
CSF Ab42 in combination with an abnormal CSF tau
or Ptau is considered to be an “AD-like” pathological
profile [2,3]. In daily practice, however, not all AD
patients have a clear abnormal pattern of all three
biomarkers. As previously shown, 8% of clinically
diagnosed AD patients can have abnormal CSF Ab42
alone without tau pathology [4]. Similarly, another study
reported five AD subgroups with different CSF
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biomarker profiles with regard to Ab42, tau, and ubiqui-
tin [5]. The diversity of possible CSF biomarker profiles
that can accompany AD dementia can be confusing for
clinicians, contributing to the challenge of implementing
CSF markers in daily clinical practice. Another compli-
cation is the requirement of current criteria for AD de-
mentia to have both amyloid and tau pathologies
present, with equal weight ascribed to each biomarker
[2,3].

The aim of the present study was to determine whether a
statistical decision tree approach may aid in interpreting
combinations of CSF biomarkers. An advantage of this
approach is that it can identify and visually representmultiple
CSF biomarker combinations in a decision tree, which can be
readily used by the clinician, thereby facilitating decision-
making in clinical practice. We further assessed the diag-
nostic and predictive performance of the decision tree.

2. Method

2.1. Subjects

We selected 1809 subjects with a diagnosis of
AD (n 5 1004), mild cognitive impairment (MCI)
(n 5 363), or subjective cognitive decline (SCD;
n 5 442) from the Amsterdam Dementia Cohort, who
visited our outpatient clinic for diagnosis in the period
from October 2000 until July 2015, and of whom CSF
biomarker values were available. All subjects underwent
standardized dementia screening at the baseline,
including physical and neurological examinations, cogni-
tive screening, an electroencephalogram, magnetic reso-
nance imaging, and laboratory tests. Cognitive
screening included at least a Mini-Mental State Examina-
tion, and often a comprehensive neuropsychological test
battery (previously described elsewhere) [6,7].
Diagnoses were made by consensus according to
internationally established criteria in a multidisciplinary
team without knowledge of CSF results [8]. All probable
AD dementia patients met the core clinical NIA-AA
criteria [9]. MCI was determined according to the criteria
by Petersen et al. [10] and NIA-AA core clinical criteria
[11]. All subjects with MCI received follow-up consulta-
tions with repeated medical and neuropsychological
testing. The average follow-up period was
(mean 6 SD) 2.5 6 1.6 years during which 143 MCI sub-
jects progressed to AD-type dementia and 220 MCI
subjects did not. MCI subjects who had progressed to a
non-AD type dementia, that is, vascular dementia,
Lewy body disease, possible AD, “other dementias”
(e.g. due to Parkinson’s disease) or were given a post-
poned diagnosis, were labeled as not having AD demen-
tia at the follow-up. All controls consisted of SCD
subjects who were labeled as such when results of all
clinical examinations and test results were normal, that
is, when the criteria for MCI or AD were not fulfilled,
and there was no psychiatric diagnosis. Level of educa-
tion was classified according to the Verhage system,
ranging from 1 to 7 points (low to high education
level) [12].

2.2. Standard protocol approvals, registrations, and
patient consents

All subjects gave written informed consent for the use of
clinical data for research purposes, and the use of clinical
data was approved by the local ethical review board [8].

2.3. CSF biochemical analysis

CSF was obtained by lumbar puncture, using a 25-gauge
needle, and collected in 10 mL polypropylene tubes (Sar-
stedt, N€umbrecht, Germany), which is in line with interna-
tional consensus protocols [13]. Within two hours, CSF
samples were centrifuged at 1800g for 10 minutes at 4�

C. The CSF supernatant was transferred to new polypro-
pylene tubes and stored at 220� C until further analysis
(within two months). Baseline Ab42, tau, and Ptau-181
were measured with commercially available ELISAs
(INNOTEST b-AMYLOID(1-42), INNOTEST hTAU-Ag,
and INNOTEST Phospho tau(181P) Fujirebio, Ghent,
Belgium) on a routine basis as described before with
intra-assay and interassay variations for all analysis of
,3.2% and 10.9%, respectively [14]. The team performing
the CSF analysis was not aware of the clinical diagnosis.
Previous analysis has shown that there is a drift in Ab42
results over the analysis years [15,16]. We therefore
applied a correction to the values to control for this drift,
as previously described [17]. No such drift was observed
for the tau and Ptau values.

2.4. Apolipoprotein E genotyping

DNAwas isolated from 10ml vacutainer tubes containing
EDTA using the QIAamp DNA blood isolation kit from
Qiagen (Venlo, The Netherlands). For genotype determina-
tion, the LightCycler ApoE mutation Detection Kit (Roche
Diagnostics, GmbH, Mannheim, Germany) was used.

2.5. CART analysis

Classification And Regression Tree (CART) analysis is
a nonparametric, supervised statistical learning technique
that combines variable values, here CSF Ab42, tau, and
Ptau, such that these best discriminate between classes,
in our case AD dementia and controls. The optimal combi-
nation of variables and possible cutoff values used for clas-
sification is determined through an exhaustive search of all
possibilities by the CART algorithm [18]. The results are
presented in a decision tree with several splits based on
the selected variables and cutoffs, ending with the class la-
bels. The Gini criterion was applied to minimize node im-
purity after splitting, and cross-validation was performed to
prune the tree based on the minimum deviance, that is, the
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minimum (proportion) deviance improvement for proceed-
ing with a new split [19]. We split our data set (controls
n 5 442; AD n 5 1004) into a randomly selected training
and validation set. The training data set included 50% of
control subjects (n 5 221) and was balanced with an equal
amount of AD subjects (n 5 221). The remaining subjects
constituted the validation data set (controls n 5 221; AD
n 5 783).

2.6. Validation

The decision tree was validated three-fold. First, internal
validation applying cross-validation was used to build the
tree. Second, the resulting tree was externally validated us-
ing an unseen validation data set. For the validation data
set, accuracy (ACC), sensitivity (SE), and specificity (SP)
were compared to the “typical” AD-like CSF biomarker pro-
file consisting of decreased Ab42 (,813 pg/ml) and
increased tau concentrations (.375 pg/ml), for which cut-
offs were previously defined [2,17,20] (see Table 2 for over-
view). Third, we further validated the performance of the
tree to discriminate between MCI subjects who showed pro-
gression to AD dementia and MCI subjects who remained
stable or had progressed to a non-AD–type dementia. We
compared the ACC, SE, and SP with the previously defined
cutoffs. CART analysis was performed using the R package
“tree” in R (version 3.3.1, 2016-05-03). The predictor vari-
ables entered into the CART analysis included Ab42, tau,
and Ptau levels; apolipoprotein E (APOE) genotype; sex;
and age.

2.7. Statistical analysis

Test characteristics consisting of ACC, SE, and SP,
together with 95% confidence intervals were calculated
with the epi.tests function, part of the “epiR” package in
R. Statistical significance between test characteristics was
obtained by comparing 95% confidence intervals. For the
calculations of subject characteristics, and the subgroup
comparisons, independent t-test, Kruskal-Wallis test, and
Table 1

Demographics AD cohort and controls

Total

Controls AD

N (%) 442 (31) 1004 (69)

Age, years (SD) 64.4 (6.3) 67.3 (7.2)*

Females, n (%) 273 (62) 490 (49)*

Level of education (SD)y 5.4 (1.3) 4.8 (1.3)*

MMSE score (SD) 28 (1.7) 21 (4.9)*

APOE ε4 allele carriers, n (%) 157 (36%) 598 (60%)

CSF Ab1-42 (SD), pg/ml 1055 (259) 656 (168)*

CSF Tau (SD), pg/ml 318 (206) 706 (406)*

CSF Ptau (SD), pg/ml 51 (24) 87 (39)*

Data are mean (SD), unless otherwise specified. Independent T-test, Kruskal-W

from SCD.

Abbreviations: SCD, Subjective Cognitive Decline, served as controls; AD, Alz

protein E; Ab42, amyloid b 1-42; Ptau, tau phosphorylated at threonine 181; SD,
yAccording to the Verhage system.
chi-square test were applied. A P-value , .05 was consid-
ered significant.
3. Results

3.1. Subject characteristics

Subject characteristics according to diagnostic group are
shown in Table 1. In brief, the training and validation cohorts
used to build and validate the decision tree did not differ in
subject characteristics. In both training and validation data
sets, the controls were somewhat younger than AD patients,
more often female, and had a higher level of education. As
expected, Mini-Mental State Examination scores, and CSF
Ab42, tau, and Ptau levels were abnormal in AD patients
compared to controls in both data sets. Furthermore, AD pa-
tients more often carried an APOE e4 allele compared to
controls in both data sets.

3.2. CART analysis

Fig. 1 shows the decision tree generated by the CART
analysis on the training set. The decision tree identified
two cutoff values for Ab42 and one cutoff for tau. The first
variable selected for decision-making was CSF Ab42: sub-
jects with Ab42 higher than 801 pg/ml are classified as con-
trols (group 1; Ab42 � 801). When Ab42 levels were lower
than 801 pg/ml, tau provided the most significant split at a
cutoff level of 374 pg/ml. If tau concentrations were equal
or higher than 374 pg/ml, no further splits were made
and subjects were assigned the AD label (group 2;
Ab42 , 801 and tau �374). When tau concentrations
were lower than 374 pg/ml, a second Ab42 cutoff at 647
pg/ml provided the best split. This split separated a second
group of controls with Ab42 concentrations between 647
and 801 pg/ml (group 3; 647 , Ab42 , 801 and tau
,374) and a second group of AD patients with Ab42 con-
centrations lower than 647 pg/ml (group 4; Ab42 , 647
and tau ,374). Group 1 contained most observed controls
Training Validation

Controls AD Controls AD

221 (50) 221 (50) 221 (22) 783 (78)

64.4 (6.5) 67.3 (7.0)* 64.4 (6.0) 67.2 (7.2)*

132 (60) 110 (50)* 141 (64) 380 (49)*

5.4 (1.3) 4.9 (1.4)* 5.4 (1.2) 4.8 (1.3)*

28 (1.7) 20 (5.1)* 28 (1.7) 21 (4.9)*

73 (33%) 131 (59%)* 84 (38%) 467 (60%)*

1049 (249) 672 (179)* 1062 (269) 651 (165)*

320 (204) 686 (408)* 317 (208) 711 (406)*

51 (25) 86 (38)* 51 (23) 87 (38)*

allis test, or chi square test was used when applicable. *P , .05: AD differs

heimer’s disease; MMSE, Mini-Mental State Examination; APOE, Apolipo-

standard deviation.
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Fig. 1. Decision tree. Decision tree calculated by Classification And Regression Tree (CART) analysis. The tree was built in the training cohort and is validated

in the validation cohort. Numbers in the boxes indicate the percentage of correctly classified subjects out of the total number of subjects in that group for the

training cohort in which the tree was built. Groups are numbered from 1 to 4. Ab42 and tau concentrations are shown in pg/ml. Abbreviations: SCD, subjective

cognitive decline; AD, Alzheimer’s disease; Ab42, amyloid b 1-42; tau, total tau.
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(n 5 182; 82%) and group 2 contained most observed AD
patients (n 5 167; 76%). Additional variables, such as
APOE, Ptau, sex, and age, did not add to the discriminative
power of the decision tree and were not selected by the
algorithm.
3.3. Validation: diagnostic performance AD vs controls

As shown in Table 2, the decision tree had an overall SE
of 93% [89-96] and SP of 88% [83-92] to detect AD de-
mentia in the training cohort, and a SE of 86% [83-88]
and SP of 87% [82-91] to detect AD dementia in the vali-
dation cohort. The overall diagnostic ACC was: 90% [87-
93] and 86% [84-88] in the training and validation cohorts,
respectively.

The number of correctly labeled subjects per group
differed from the training cohort in which the tree was built
Table 2

Comparison of test characteristics

Ab42 (pg/ml) tau (pg/m

AD vs controls

Previous cutoff* 813 375

Tree training 801 and 647 374

Tree validation 801 and 647 374

MCI stable vs progression to AD

Previous cutoff* 813 375

Tree 801 and 647 374

Comparison of decision tree with typical AD biomarker–like profile using prev

The decision tree has two cutoffs for Ab42. Accuracy, SP, and SE calculations

Abbreviations: AD, Alzheimer’s disease; MCI, mild cognitive impairment; SE

*Cutoff for Ab42 is based on drift corrected data.
compared to the validation cohort (see Supplementary
Table 1). Especially, the control group with lower Ab42 con-
centrations and normal tau concentrations (group 3;
647 , Ab42 , 801 and tau ,374) contained only 29%
(n 5 12/41) correctly classified subjects in the validation
cohort, indicating that this control group mostly consisted
of clinical AD subjects. In contrast, in the training cohort,
76% (n 5 16/21) were correctly classified as controls.

We next compared the SE and SP levels obtained by the
decision tree to those obtained with the previous binary cut-
offs in the validation cohort. The decision tree with multiple
cutoffs for Ab42 had a significantly higher diagnostic ACC
(86% [84-88]) in discriminating controls fromAD compared
to the previously defined single cutoff’s for Ab42 and tau
together (80% [78-83]). Moreover, the SE of the decision
tree was also higher than the previously defined cutoffs
(86% [83-88] and 78% [75-81], respectively).
l) Accuracy,% SE, % SP, %

80 [78-83] 78 [75-81] 89 [84-93]

90 [87-93] 93 [89-96] 88 [83-92]

86 [84-88] 86 [83-88] 87 [82-91]

76 [71-80] 77 [69-84] 75 [69-81]

76 [71-80] 84 [77-90] 70 [63-76]

iously defined cutoff values for Ab42 (813 pg/ml) and tau (375 pg/ml).

with 95% CI.

, sensitivity; SP, specificity; CI, confidence interval; Ab42, amyloid b1-42.



Table 3

Subject characteristics MCI cohort

MCI Stable Progression to AD

n, (%) 220 (61%) 143 (39%)

Age, years (SD) 67.3 (6.5) 69.3 (7.4)*

Females, n (%) 144 (65) 73 (51)*

Level of education, mean (SD)y 5.1 (1.4) 5.0 (1.4)

APOE ε4 allele carriers, n (%) 93 (42%) 87 (61%)

MMSE score, mean (SD) 27 (2.3) 26 (2.8)

CSF Ab1-42 (SD), pg/ml 934 (299) 679 (122)*

CSF tau (SD), pg/ml 375 (227) 668 (350)*

CSF Ptau (SD), pg/ml 58 (29) 70 (34)*

Follow-up duration, years (SD) 2.5 (1.6) 2.4 (1.3)

Abbreviations: MCI, mild cognitive impairment; MMSE, Mini-Mental

State Examination; APOE, apolipoprotein E; Ab42, amyloid b 1-42; Ptau,

tau phosphorylated at threonine 181; SD, standard deviation; CSF, cerebro-

spinal fluid.

Data are mean (SD), unless otherwise specified. Independent T-test,

Kruskal-Wallis test, or chi square test was used when applicable. *P, .05.
yAccording to the Verhage system.
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3.4. Validation: predictive performance for progression to
AD

Our next step was to evaluate the predictive performance
of the decision tree. Therefore, we used a cohort of MCI sub-
jects with the follow-up available (average follow-up time:
2.5 6 1.5 years). Subject characteristics are shown in
Table 3. In brief, MCI subjects who progressed to AD were
slightly older and were less often female than MCI subjects
who did not progress to AD dementia. They also had lower
CSF Ab42 levels and higher tau and Ptau levels compared
to the MCI subjects who did not progress to AD dementia.
Table 4

Subgroup comparison within total cohort

Predicted label

Group 1 controls Gr

n 5 374 n 5

Demographics

Observed label: controls/AD 363/111

Age, years (SD) 65.2 (6.9)b,d 6

Females, n (%) 275 (58)

Level of education (SD) 5.2 (1.4)b,d

Global cognition

MMSE score (SD) 27 (3.9)b,c,d

APOE genotype

APOE ε4 carriers, n (%) 152 (34)b,c,d

CSF biomarkers

CSF Ab1-42 (SD), pg/ml 1110.8 (205.1)b,c,d 71

CSF tau (SD), pg/ml 334.3 (222.1)b 26

CSF Ptau (SD), pg/ml 51.5 (22.1)b 4

MRI biomarkers

MTA, median (IQR) 0.5 (0-1)b,c,d

PCA, median (IQR) 1 (0-1)b,d

GCA, median (IQR) 0.5 (0-1)b,d

Comparison between different CSF profiles as identified by the CART analysis

square test was used when applicable. a: P , .05 different from group 1; b: P ,
different from group 4.

Abbreviations:APOE, apolipoprotein E; AD, Alzheimer’s disease; CSF, cerebro

tau, total tau; Ptau, tau phosphorylated at threonine 181; MRI, magnetic resonance

rophy; GCA, Global Cortical atrophy; SD, standard deviation; IQR, interquartile
The tree correctly identified 70% (n 5 154 of 220) of
MCI subjects who did not develop AD and predicted pro-
gression correctly in 84% (n5 120 of 143) of MCI subjects
who clinically progressed to AD. Most incorrectly classified
subjects (n5 50 of 89, 56%) had clinically not progressed to
AD dementia but were classified as progressors by the deci-
sion tree, and vice versa, the remaining 44% had clinically
progressed to AD but were classified as nonprogressors by
the tree. The overall predictive ACC was comparable to
that of the previously defined cutoffs (see Table 2) [17,20].
3.5. Subtype comparisons

We further compared the four subgroups with different
CSF profiles that were identified by the CART analysis.
Groups 1 and 3 were labeled as control groups and had either
high Ab42 levels irrespective of tau (group 1: Ab42 � 801)
or intermediate Ab42 and low tau levels (group 3:
647 , Ab42 , 801 and tau ,374). Groups 2 and 4 were
labeled as AD, and had low Ab42 and high tau levels (group
2:Ab42 , 801 and tau �374), or strongly decreased Ab42
and low tau levels (group 4: Ab42 , 647 and tau,374).

Across the total cohort (Table 4), Mini-Mental State Ex-
amination scores were highest in control group 1, followed
by control group 3, AD group 2, and AD group 4. Control
group 3, showed a similar proportion of APOE e4
carriers compared to AD groups 2 and 4. Groups 2 and 4
showed more atrophy for all magnetic resonance imaging
parameters than control group 1. Control group 3 showed
similar temporal lobe atrophy as AD groups 2 and 4, and
oup 3 Group 2 AD Group 4

62 n 5 805 n 5 105

28/34 42/763 9/96

5.3 (6.2) 67.2 (7.2)a 67.0 (6.5)a

37 (60) 386 (48) 65 (62)

5.0 (1.3) 4.9 (1.3)a 4.8 (1.2)a

24 (5.7)a,b,d 21 (5.2)a,c 21 (4.9)a,c

37 (65)a 509 (70)a 74 (78)a

5.3 (42.5)a,b,d 617.9 (95.1)a,c,d 542.2 (69.3)a,b,c

7.3 (81.5)b 800.6 (391.5)a,c,d 283.9 (63.8)b

5.1 (13.9)b 96.9 (36.4)a,c,d 45.5 (11.7)b

1.0 (0.5-2)a 1.5 (1-2)a 1.5 (1-2)a

1.0 (0-1)b 1.0 (1-2)a,c 1.0 (1-1.5)a

1.0 (0-1)b 1.0 (1-2)a,c 1 (1-1)a

. Data are mean (SD), unless otherwise specified. Kruskal-Wallis test or chi

.05 different from group 2; c: P , .05 different from group 3; d: P , .05

spinal fluid;MMSE,Mini-Mental State Examination; Ab42, amyloid b 1-42;

imaging; MTA, medial temporal lobe atrophy; PCA, Posterior Cortical At-

range.



Table 5

Subgroup comparison within MCI population

Predicted label

Group 1 nonprogressors Group 3 Group 2 progressors Group 4

n 5 196 n 5 35 n 5 214 n 5 29

Demographics

Observed label: nonprogressors/progressors 186/17 31/6 95/120 18/11

Age, years (SD) 66.8 (6.8)b 68.5 (7.8) 70.0 (6.9)a 68.1 (6.1)

Females, n (%) 52 (28)b 12 (32) 105 (49)a,d 8 (28)b

Level of education (SD) 5.0 (1.3) 5.1 (1.4) 5.1 (1.4) 5.6 (1.5)

Time to progression (SD), yrs 2.1 (0.8) 2.7 (2.0) 2.3 (1.4) 2.2 (1.2)

Global cognition

MMSE score (SD) 26.8 (2.5)b 27.2 (2.1) 26.1 (2.5)a 27.1 (1.9)

APOE genotype

APOE ε4 carriers, n (%) 57 (31)b,c 20 (61)a 146 (77)a 15 (58)a

CSF biomarkers

CSF Ab1-42 (SD), pg/ml 1100.1 (11.1)b,c,d 722.4 (26.0)a,b,d 636.8 (10.8)a,c 551.5 (29.3)a,c

CSF tau (SD), pg/ml 327.3 (17.1)b 250.0 (40.0)b 707.6 (16.6)a,c,d 288.7 (45.2)b

CSF Ptau (SD), pg/ml 52.4 (26.4)b 43.2 (14.8)b 92.9 (31.0)a,c,d 48.5 (14.0)b

MRI biomarkers

MTA, median (IQR) 0.5 (0-1) 1.0 (0-1.5) 1.0 (0-1.5) 0.5 (0.5-1.9)

PCA, median (IQR) 1.0 (0-1) 1.0 (0-1) 1.0 (0-1) 1.0 (0-1)

GCA, median (IQR) 1.0 (0-1) 1.0 (0-1) 1.0 (1-1) 1.0 (0-1)

Comparison between different CSF profiles as identified by the CART analysis. Data are mean (SD), unless otherwise specified. Kruskal-Wallis test or chi

square test was used when applicable. a: P , .05 different from group 1; b: P , .05 different from group 2; c: P , .05 different from group 3; d: P , .05

different from group 4.

Abbreviations: AD, Alzheimer’s disease; MCI, mild cognitive impairment; MMSE, Mini-Mental State Examination; Ab42, amyloid b 1-42; tau, total tau;

Ptau, tau phosphorylated at threonine 181; MRI, magnetic resonance imaging; MTA, medial temporal lobe atrophy; PCA, Posterior Cortical Atrophy; GCA,

global cortical atrophy; SD, standard deviation; IQR, interquartile range.
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parietal cortical atrophy and global cortical atrophy ap-
peared to be in-between control group 1 and AD group 2.

Within the MCI cohort (Table 5), group 2 labeled as
progressors contained more females than group 1 (nonprog-
ressors). Moreover, control group 1, labeled as nonprogres-
sors, contained the least APOE e4 carriers, whereas group 3
contained nearly as much as APOE e4 carriers as groups 2
and 4 who were labeled as progressors.
4. Discussion

The main finding of this study is that a decision tree, con-
sisting of two Ab42 cutoff values at 801 pg/ml and 647 pg/
ml and one tau cutoff at 374 pg/ml, best distinguished be-
tween controls and AD dementia. As a result, two AD and
two control subgroups were identified who showed distinct
CSF biomarker profiles. Age, Ptau, sex, and APOE status
did not contribute to classification. Compared to the classical
AD-like biomarker profile with previously defined cutoffs
(813 pg/ml for Ab42 and 375 pg/ml for Tau [17,20]), the
decision tree performed better in terms of diagnostic
characteristics (diagnostic ACC 86% [84-88]; SE 86%
[83-88]; SP 87% [82-91]). The predictive ACC of the deci-
sion tree in MCI subjects was similar to that of the previ-
ously defined cutoffs (76% [71-80] and 76% [71-80],
respectively). Using CARTanalysis, we derived a robust de-
cision tree that is readily applicable in the clinic.

Previous attempts to make a decision tree to distinguish AD
from controls were made by Galasko et al. (1998) using Clas-
sification tree analysis [21]. Like in our present study, they also
identified two cutoff values for CSF Ab42. However, their
cohort was relatively small. Here, we reproduce and further
extend these findings showing strong external validation sup-
porting the robustness of the approach, which is a prerequisite
for implementation [21].

Others have suggested the use of regression formulas or
the tau/Ab42 ratio to combine multiple biomarkers for AD
classification [20,22–24]. Although such approaches can
also provide a cut point, a benefit of the decision tree
approach is that it allows clinicians to combine
information from multiple biomarkers, providing intuitive
interpretation of all markers involved, in contrast to, for
example, a ratio when an abnormal value may be caused
by either the numerator and/or denominator of the ratio.
This could lead to false positive results, for example, an
increase in tau can also occur in patients with other
neurological conditions, such as minor stroke or
Creutzfeldt-Jakob Disease, resulting in a high, abnormal
ratio value, despite normal Ab42 concentrations [14].

A decision tree does not suffer from those issues and is in
better alignment with clinical decision paths, logically clus-
tering signs and symptoms [25]. Furthermore, logistic regres-
sionmodels can be used to test whether a variable can separate
a case from a control, provided that these labels are present a
priori. A benefit of the CART analysis is that it allows for the
existence of subgroups, even when these are not known a pri-
ori. In our case,we discovered subgroups 3 and 4,whichwould
not have been identified in by a logistic regressionmodel [18].

Ptau, age, sex and APOE status were not selected as part of
the decision tree, suggesting that these variables did not add to



R. Babapour Mofrad et al. / Alzheimer’s & Dementia: Diagnosis, Assessment & Disease Monitoring 11 (2019) 1-9 7
the discriminative value of the tree. Previous studies showed
that CSF levels of Ab42 are lower in APOE carriers, and
thus, we expected that APOE allele status would become
part of the model [26]. A possible explanation for APOE not
being includedmay be that the influence ofAPOE is mediated
viaAb42 levels, such that subgroupingbasedonAPOE is of no
further value [27]. A recent study of our group inwhich a data-
driven cutoff is defined with Gaussian mixed modeling simi-
larly found the cutoff to be independent of APOE allele status
[16].Nevertheless, this same study found a higher ofAb42cut-
off when age increases [16], whereas in our study, agewas not
selected by the CARTalgorithm. A possible explanation could
be that our cohort was considerably young and did not reflect a
range of relatively young to old ages. The absence of Ptau in
themodel is in agreementwith previous studies and is probably
due to its high correlation with tau [14].

An additional finding of this study was the identification
of two AD subgroups that showed distinct CSF biomarker
profiles. The first AD subtype had a typical AD-like
biomarker profile (low Ab42 and high tau or Ptau;
Ab42 , 801 and tau �374) (group 2). The second AD sub-
type contained subjects with an “atypical” CSF profile with
strongly decreased Ab42 concentrations and normal CSF tau
levels (group 4; Ab42 , 647 and tau ,374). Despite the
different CSF biomarkers profiles, the subgroup analysis
showed that both AD groups did not differ in clinical charac-
teristics or magnetic resonance imaging measures. In view of
the pathological heterogeneity often seen in AD patients, it
might be that group 4, with the atypical CSF profile, is a sub-
group of ADwith a different underlying pathology leading to
the disease [28]. For example, in a previous study, a subgroup
similar to our atypical AD subtype (group 4) was identified,
with strongly decreased CSF Ab42 concentrations (513 pg/
ml) and close to normal CSF tau concentrations (392 pg/
ml) [5]. Interestingly, 15% of this AD subgroup had AD pa-
thology with Lewy body inclusions at postmortem patholog-
ical examinations. Whether this explains our atypical group
can only be defined after postmortem analysis.

Within controls, we also detected two subgroups: group 1
(n5 182) with normal Ab42 levels (�801 pg/ml) irrespective
of tau levels, and group 3, with slightly reduced Ab42 concen-
trations (801- 640pg/ml), and normal tau concentrations
(,374 pg/ml). Group 3 contained a similar proportion of
APOE e4 carriers as both subgroups with CSF AD profiles
(groups 2 and 4). According to the recent NIA-AA criteria,
the controls in group 3 with already lowered Ab42, but normal
tau concentrations have Alzheimer’s pathologic change, and
are at the beginning of the Alzheimer’s continuum, meaning
that these controls could have preclinical AD and might
develop tau pathology over time [2,29,30]. Previous research
has shown that Ab42 can be present twenty years before the
onset of clinical AD [31,32]. So far, insufficient amount of
follow-up information was available to determine whether
this group was at risk to show clinical progression to MCI or
dementia. Moreover, group 3 mainly consisted of observed
controls in the training cohort, whereas it mostly consisted of
observed AD patients in the validation cohort. With this group
(group 3), the decision tree might have identified a “gray” area
for Ab42 values that fall within the two cutoffs, where the
discriminatory performance of the biomarker is not sufficient
enough to state whether the disease is present or absent.

We studied the prognostic ACC of the decision tree in
MCI patients, which was comparable with the prognostic
ACC of the previously defined cutoffs. However, the deci-
sion tree had a lower SP (70%), mostly due to misidentifying
MCI subjects who remained stable. These MCI subjects had
abnormal CSF Ab42 concentrations according to the deci-
sion tree and did not progress to AD dementia within the
time they were followed. Thus, it cannot be excluded that
if they were followed for a longer period, they may have still
showed progression.

Limitations of our study are the use of clinical diagnosis as
a gold standard to derive the decision tree. Because clinical di-
agnoses are not always correct, even in an expert center, this
can result in a bias of the diagnostic performance and subop-
timal cutoff values of the decision tree [33]. The use of SCD
subjects over healthy subjects as controls could be seen as a
limitation. However, we believe SCD subjects fit our study
design better than healthy controls because they represent
the population that present themselves to the doctor with
memory complaints more so than healthy controls. A strength
of our study is the availability of a large data set that enabled
us to validate the decision tree in two independent cohorts.

In conclusion, the CART analysis identified several CSF
biomarker profiles to classify AD based on two Ab42 cutoff
values and one tau cutoff. This led to an improved diagnostic
ACC when compared to the regularly used AD-like
biomarker profile based on single cutoffs. The results incor-
porated into a decision tree facilitate interpretation of CSF
biomarker results in clinical practice.
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RESEARCH IN CONTEXT

1. Systematic review: Traditional sources (e.g.,
PubMed) and information gained from abstracts
and presentations were used for this systematic re-
view. Previous literature has demonstrated that cere-
brospinal fluid (CSF) biomarkers can aid in the
diagnosis of Alzheimer’s disease (AD). However,
several studies and daily clinical practice indicate
that not all AD patients have a clear abnormal pattern
of all three biomarkers. The diversity of possible CSF
biomarker profiles that accompany AD can be
confusing for clinicians, thus complicating the inter-
pretation of CSF biomarker results in daily clinical
practice.

2. Interpretation: Our decision tree analysis identified
two CSF AD biomarker profiles in a large clinical
cohort, which were incorporated in a readily appli-
cable decision tree for daily clinical practice. More-
over, the decision tree improved diagnostic accuracy
compared to current methods.

3. Future directions: The article proposes further under-
standing of the underlying pathological mechanism
of the AD subjects with different CSF biomarker pro-
files.
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