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Abstract
Alzheimer’s Disease (AD) is a neurodegenerative disease that may take decades to develop from the Cognitively Unimpaired (CU) to clinical 

dementia stages. Understanding the nature of this disease development is central to clinical pathological models of AD. Sigmoid curves provide 
a mathematical model to describe progression through the all stages of AD. They also provide a basis for risk estimates for progression between 
pre-clinical and symptomatic disease stages which can be applied to biomarkers or clinical markers. Using longitudinal cognitive data from the 
Australian Imaging, Biomarkers and Lifestyle (AIBL) study of ageing a method for identification of participants with progressive cognitive decline 
prior to clinical symptoms was developed. First, a data driven approach was used provide estimates of sigmoid inflection points for cognitive and 
clinical symptoms through the use of derivatives. Second, participants annual rate of decline and three time-point mean values were mapped to the 
sigmoid first derivative, allowing for participants’ disease age to be offset from their chronological age. Inflection points were then calculated via 
the third derivative. Participants whose longitudinal trajectory crossed the first inflection point were classified as having cognitive decline, whilst 
those whose disease trajectory did not cross were classified as stable. Variability was estimated using 1,000 bootstrap iterations. This approach was 
then used to identify individuals with progressive cognitive decline on the basis of their scores on the Pre-clinical Alzheimer’s Cognitive Composite 
(PACC) score. From the complete cohort, 619 (59%) were classified as having cognitive decline, 287 (27%) as CU and stable, and 143 (14%) in the 
clinical disease group. The inflection point threshold was found to be at the disease age of 70.76 years (standard deviation of 0.21 years). Applied to 
real-world data, this fast and simple data-driven approach dis-aggregates longitudinal trajectories into three classifications using only participant 
age and cognitive data.
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Introduction

Alzheimer’s Disease (AD) is the most common form of dementia 
worldwide [1]. The clinical and biological changes that characterize 
AD develop in a non-linear longitudinal manner, with amyloid accu-
mulation beginning 20 or more years before cognitive impairment 
becomes apparent [2-4]. Due to the subtle nature of biological and 
clinical changes in the early stage of AD, along with considerable 
variability in estimates in disease progression between adults, 
the development of models to understand the long- term dynam-
ics of these changes may provide information about the best time 
opportunity for treatment and also for the design of clinical trials 
of drugs developed to change such trajectories [5]. The long and 
complex trajectory of biological and clinical changes in AD has been 
well studied [6-8]. The seminal paper by Jack, et al. 2010 [9] pro-
vide a foundation for understanding the progression of biomarkers 
and clinical markers, as well as their relationship to one another, 
which in each case were described using a sigmoid curve or trajec-
tory. In this model amyloid- β  ( )βΑ  begins to accumulate which is 
followed by the formation of tau tangles, loss of brain volume and 
ultimately cognitive impairment. This initial pattern described by 
Jack et. al. 2010 [9], which follows a basic sigmoidal type trajectory 
has been validated using different biomarkers which provide con-
tributions to AD longitudinal mapping [10-12].

Most studies assessing cognitive decline across the AD continu-
um, have derived criteria to identify cognitive impairment, whereby 
participants progress during the study from either Cognitively Un-
impaired (CU) to Mild Cognitive Impairment (MCI) or from MCI to 
AD. Such criteria are often clinically based rather than data driven, 
and hence may miss subtle changes in cognition. Machine learning 
methods have been useful to demonstrate group wide changes in 
progression [13,14]. In this work we provide a useful addition to 
such methods to both place participants onto a disease progression 
pathway and define their binary progression status using inflection 
points. Whilst the work from Jack, et al. 2010 [9] conceptualized the 
development of AD through the sigmoid curve, few have provided 
a clearly defined model which can be applied to prospective data, 
and none have classified participants into binary classification of 
disease progression. Works which have assessed the trajectory of 
AD biomarkers including Positron Emission Topography (PET) [15-
17], cerebrospinal fluid (CSF) βΑ  [3,15] and plasma biomarkers 
[18] as well as cognitive outcomes [19] defined the shape of the 
trajectory, however did not assign a disease age akin to chronologi-
cal age, and did not classify participants into groups based on their 
point on the disease trajectory.

Using data driven methods to identify groups of participants 
along the stages of the AD continuum for various targeted outcomes 
can greatly improve our understanding of the disease trajectory, 
and can provide useful information for clinical trials. Given the re-
cent success of clinical trials for the treatment of AD in participants 
with either MCI or mild AD [20-22], these trials largely depended 
on the careful recruitment of participants at specific AD stages that 
would respond to treatment over the course of the trial observation 

period. Identification of participants along specific disease stages 
for clinical endpoints such as the Mini Mental State Exam (MMSE 
[23]) and Clinical Dementia Rating Sum of Boxes (CDR SB [24]) 
using data driven methods has yet to be documented. Moreover, 
a generic and robust statistical approach suitable for more sensi-
tive measures for clinical progression earlier in the disease course 
[25] is needed, with the introduction of clinical trials in pre-clinical 
disease (AHEAD 3-45 study [26,27]), whereby all participants are 
CU but have amyloid pathology. For such trials to succeed, it is im-
perative that appropriate non-linear models of progression for par-
ticipants are defined prior to the trial. The method here provides 
key points on population-based models to classify participants 
into specific groups of progression, allowing for a more carefully 
designed trial.

Amyloid accumulation is one of the earliest biomarkers to show 
changes along the disease continuum, hence, therapeutic interven-
tion targeting the βΑ  pathway before significant and irreversible 
neurodegeneration may provide an approach to prevent or delay 
cognitive decline and dementia [22,26, 28,29,30,31]. Finding a 
marker which is accurate to assess a participants point on the dis-
ease continuum during the early disease stages of amyloid accumu-
lation is key to then ascertain an appropriate and optimal treatment 
window. The Pre-Clinical Alzheimer’s Cognitive Composite (PACC) 
score is a measure of amyloid- related neural loss [32,33] which can 
detect the earliest signs of cognitive decline, whilst other cognitive 
tests appear unaffected [32] and for this reason, may be a suitable 
endpoint for early AD trials. Currently, inclusion criteria for clinical 
trials for AD are taken from cross sectional visits, without informa-
tion on each participant individuals’ trajectory. Analyses are then 
typically performed during the trial using either linear mixed ef-
fects models or mixed model repeated measures assessment. This 
therefore assumes that the person is theoretically at the same stage 
along the sigmoidal trajectory where they will continue to decline.

There is however, wide variation in decline rates among clinical 
trial candidates, with a proportion of participants in both treatment 
and placebo not declining, or even improving as seen in the CLAR-
ITY trial [34]. Such variations could be due to inclusion/ exclusion 
criteria, but would be better accounted for by employing novel ap-
proaches to understand trial candidates at a specific point on the 
disease trajectory. In the current work, we demonstrate a novel ap-
proach to map participant cognition to the sigmoid curve originally 
proposed by Jack, et al. 2010 [9], and classify participants into three 
latent groups: 1) those with stable cognition (stable), 2) those past 
the first inflection point and experiencing consistent decline in cog-
nition (cognitive decline) and 3) those past the second inflection 
point at the lower part of the trajectory (poor cognition/dementia) 
independent of participants clinical diagnosis. Section 2 describes 
the case study and methodology for our proposed approach, with 
relevance to clinical AD features. Section 3 presents the simulation 
study conducted to validate our approach. Section 4 describes our 
approach applied to the Australian Imaging, Biomarkers and Life-
style (AIBL) study of ageing, specifically on the AIBL PACC score. 
Section 5 presents a discussion and motivation of future work.
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Materials and Methods

AIBL Case Study

The AIBL study is Australia’s largest ongoing observational 
study [35] designed to investigate AD progression from preclini-
cal to clinical stage and collects a variety of demo- graphic, genetic, 
blood, cerebrospinal fluid, neuroimaging and cognitive data. The 
AIBL study includes participants across the entire disease continu-
um, with an established and comprehensive database of information 
which characterizes the pathological and clinical changes in adults 
60 years or older. The AIBL study was established in 2006 and con-
sisted of 1,176 participants at inception; 768 CU participants, 133 
participants with MCI and 211 with AD. Participants were exam-
ined at approximately 18-month intervals, with measures of imag-
ing, cognition, lifestyle and biofluids collected at each visit. Clinical 
classification was made blind to imaging/biofluid measurements, 
taken solely from the cognitive battery of tests and the subjective 
opinion of the expert panel of clinicians including neuropsychol-
ogist, pathology and a psychiatrist. For a participant to progress 
from CU to MCI, the participant needs to meet multiple criteria, in-
cluding declining in at least two cognitive domains by a minimum 
of 1.5 standard deviations below their previous assessment score, 
have altered test scores due to a separate disorder or injury (includ-
ing traumatic brain injury), not have difficulties in their activities of 
daily living which would indicate functional impairment, and be in 
agreement with the opinion of the expect clinical panel.

For a participant to progress from MCI to AD, they must also 
show evidence of functional impairment, with altered test scores 
due to a separate disorder or injury (including traumatic brain inju-
ry). Currently in Australia, deterioration from healthy ageing, evolv-
ing to MCI and onto dementia is still predominately assessed by 
extensive neuropsychological assessments in secondary care [36]. 
Performed on an individual to assess global and specific cognitive 
domains, these assessments provide a cognitive score, which quan-
tifies the level of cognitive impairment. The PACC score is designed 
to detect subtle cognitive deterioration in asymptomatic individu-
als [32], specifically at the pre-clinical stage and has been validated 
in multiple cohorts [37]. In these early asymptomatic stages of AD, 
CU participants can deteriorate in PACC score, but other AD related 
assessments which are designed to measure later stages of the dis-
ease continuum may appear unaffected [12]. Thus, it is important 
to utilize measures which have been specifically designed for differ-
ent stages of disease continuum.

Sigmoid Algorithm

The mathematical expression

( )( )
1 a x m

sf x v
e −= +

+  (1)

defines a one-to-one function for the cognitive outcome ( ).f x

This is a monotone decreasing bounded function which expresses 
the non-linear association between y  and a participants disease age 
x  as shown in Figure 1. Note that when , ( ) / 2.x m f m v s= = +  
Due to a complex interaction of a multitude of demographic, genet-

ic, lifestyle and other factors, participants can commence along the 
AD pathway at different chronological ages. Via the transformation 
of this approach, we map participants from their chronological age 
to a disease age which participants deteriorate along the sigmoid 
curve. Normalized composite cognitive scores measured cross-sec-
tionally typically follow an approximate Gaussian distribution, in 
that they are continuous and unimodal in distribution. The AIBL 
PACC follows this pattern and for this reason numerical trans-
formations were not required. Other cognitive scores such as the 
MMSE, are discreet and bounded with a minimum and maximum of 
zero to thirty. For such clinical biomarkers, numerical transforma-
tions such as standardization are required in order map individuals 
to the continuous sigmoid curve.

Parameters v, s and m are derived from participant level em-
pirical summaries and have clinically related interpretations. The 
vertical span of the sigmoid function, s, is computed to be the dif-
ference between the 90th and 1st quantiles. The vertical shift of the 
sigmoid denoted by v, is the 90th quantile minus s. The mid-point 
of the sigmoid expression m is the overall cohort mean age. To es-
timate the sigmoid curve’s fastest rate of decline, or steepness, a 
suitable quantile from the participants individual slopes is selected, 
z. The point at which the sigmoid has the largest rate of decline a, 
is computed as

4 /a z s= −  (2)

Once all the parameters are estimated for expression (1), a 
unique mathematical sigmoid formula is available for the cognitive 
outcome in the cohort of interest.

The sigmoid curve describes all stages of cognitive decline for 
the entire AD disease course [11,10], (Figure 1 shows the theoret-
ical AD sigmoid curve). Early on, in the asymptomatic stages of the 
disease and prior to extensive amyloid accumulation, individuals 
have stable cognition reflected by high cognitive scores with little 
or no decline in scores during this disease stage. PACC scores from 
participants with pre-clinical disease (presence of amyloid plaques 
but asymptomatic) start to depart from this stable cognition stage 
during the early part of the trajectory. Participants experienc-
ing cognitive decline in the symptomatic stages typically follow 
a non-linear trajectory shown by rapidly deteriorating cognitive 
scores. The midpoint of the sigmoid trajectory is the point of fastest 
decline at the disease age of m. Towards the end stage of the dis-
ease, participants test scores may reach a potential “floor”, whilst 
other scores continue to decline (MMSE reach a floor of zero). Here 
cognitive performance may start to plateau and in expression (1) 
this is shown to be past the second inflection point, as the stable but 
server cognitive impairment phase (9) (classified in the remainder 
of this work as poor cognition or dementia).

Mathematically these inflection points are computed from the 
first, second and third derivatives of expression (1). The first deriv-
ative is of the form

( )

2( )
'( ) .

1

a x m

a x m

asef x
e

−

−

−
=
 +        (3)

Let '( )y f x= , solving for x yields
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( )( )1 1 2log 4 2
2

i nx as as y as y m
a y a

π 
= − − + + + + − 

       (4)

Where ( ), 0, 4a y ab as as y≠ ≠ + and ,n∈ with complex 
number 1i = − .

As we are seeking a clinically practical solution, in this work we 
only consider the real component of expression (4). Typically, in-
verse functions are one-to-one, that is for every unique value in ,x
there is one, and only one solution. For this reason, we introduced 
a further modification to map participants chronological age to a 
disease adjusted domain by incorporating a participants mean of 
the outcome. Hence expression (4) is modified to

( )( )| log 4 2 ,
2

x as as y as y m
a y

 
− + + + + 
 

I 1
I=-

(5)

where I  is an indicator variable. If a person’s average outcome 
is less than ( )f m , then = −I 1 which implies this person is shifted 
to a later disease age. Otherwise, =I 1 when a person’s average out-
come is greater than or equal to ( )f m , and this shifts an individual 
to an earlier disease age. The size of the offset from a participant 
chronological to disease age is contingent on their annual rate of 
decline. Once all participants have a corresponding disease age, 
their longitudinal trajectories are shifted by this offset and are 
mapped onto the sigmoid disease curve.

Classification of Participants

The peaks at which there is a change in the acceleration of the 

sigmoid curves can be found by the inflection points of the second 
derivative of equation (1). These peaks align with the points in 
the AD disease curve where the acceleration in the sigmoid curve 
changes, from stable cognition to cognitive decline status 1( )x  as 
well as from a cognitive decline to poor cognition/ dementia 2( )x  
whereby a participants’ cognition has either plateaued or is close 
to the plateau at the bottom of the range. Refer to Appendix A for 
second derivative expression.

To find the points of inflection for the second derivative, the 
third derivative is computed and solved for x. The third derivative 
of (1) is

3 3 ( ) 3 2 ( ) 3 ( )

4 3 2( ) ( ) ( )

6 6'''( ) .
1 1 1

a x m a x m a x m

a x m a x m a x m

a se a se a sef x
e e e

− − −

− − −
= − + −

     + + +       (6)

The real components and clinically meaningful solution to 1x  
and 2x  from (6), are

( )
1

log 2 3
x m

a

−
= +

 (7)

and

( )
2

log 2 3
.x m

a

+
= +

 (8)

Figure 1: Theoretical Alzheimer’s disease cognitive disease trajectory for v = 1, m = 75 and a = 0.5. Blue vertical dashed lines are points of 
inflection at disease ages   and   to identify stable cognition and cognitive decline groups similar to the curves in Jack, et al. 2010 [9].
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The sigmoid inflection points 1x  and 2x  can be shown by the 
black vertical dashed lines in Figure 1. Participants with entire lon-
gitudinal disease adjusted age trajectories which lie to the left of 1x  
are classified as having stable cognition. Participants with trajecto-
ries that cross 1x  at any time point are deemed as having cognitive 
decline. Participants past this point who have already deteriorated 
are known to have lower-than-average mean cognitive scores as 
well as comparatively low annual rate of decline. These participants 
can be identified as those whose entire trajectories lie to the right of 

2x  and are classified as having poor cognition/dementia.

Statistical Analysis

The algorithm described in Section was implemented in open-
source R software [38]. R packages were used facilitate the data 
processing, model implementation, visualisation and all analyses 
conducted in this work [39-45]. Scripts to simulate synthetic data 
and source code for the sigmoid algorithm are available on the 
CSIRO Bitbucket repository at https://data.csiro.au/collection/ 
csiro:70027v2.

Simulation Study

In order to validate the methodology, a simulation study was 
undertaken to enable the comparison of current naive/ empirical 
summary approaches to identify cognitive groups. In this work 
1,000 bootstraps were conducted to derive uncertainty estimates 
for the sigmoid parameters. Each bootstrap comprised a random 
sample (without replacement) of 80% of the simulated individuals 
including all their longitudinal observations, and the sigmoid meth-
od and cognitive group classification were estimated. This approach 
also enabled the assessment of the method to classify individuals at 

every post-bootstrap iteration and identify participants who may 
have different cognitive group classifications. Similar to the AIBL 
study, participants baseline ages were generated from a Gaussian 
distribution with a mean of 70, standard deviation of 6.6 years and 
each participant had two or more follow- ups. A linear mixed effect 
model was fitted to the AIBL study data, and the parameters of this 
model, namely participant age and clinical diagnosis, were used to 
generate synthetic participant level data.

Similar proportions of stable CU, MCI and AD participants as 
well as participants who deteriorated throughout the study (CU 
to MCI and MCI to AD) as observed in AIBL were generated in our 
synthetic data set. Cognitive outcomes are highly variable and of-
ten consist of variation between and within participants. For this 
reason, these sources of variation were incorporated in addition to 
residual variance. Participant withdrawal or drop out is a common 
consequence in longitudinal studies, particularly in older adults, 
as such similar rates of drop outs observed in AIBL were incorpo-
rated into our synthetic data set. In a similar manner as previous 
work [35] and for comparison, a naive method to identify cognitive 
decliners from non-decliners was applied. Participants who dete-
riorated clinically from CU to MCI, and from MCI to AD were clas-
sified as having shown cognitive decline. Participants who were in 
the process of deteriorating or already with clinical AD (stable MCI 
and AD) were also categorized as cognitive decline. Non-decliners 
were participants who were stable CU. This naive approach is irre-
spective of their overall annual rate of decline or their overall mean 
cognitive assessment. Under this criterion, simulated data included 
627 (42%) as cognitive decliners and 873 (58%) as non-cognitive 
decliners.

Simulation Results

Figure 2: Longitudinal raw AIBL participant trajectories for the PACC score (A), synthetic simulated PACC data for N = 1, 500 participants (B) 
with similar rates of annual decline for the Alzheimer’s disease (AD) clinical diagnosis groups. Abbreviations: Cognitively unimpaired (CU), mild 
cognitive impaired (MCI), clinical deterioration participants from CU to MCI (CU.MCI) and MCI to AD (MCI.AD).
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In total AIBL PACC scores for N = 1, 500 participants longitudi-
nal data were simulated for up to 7.5 years with follow-ups every 
1.5 years. Participants along the entire AD continuum were gener-
ated including those with stable CU (N = 1, 125, 75%), stable MCI 
(N = 60, 4%) and stable AD clinical diagnosis (N = 45, 3%). Synthet-
ic participants which clinically deteriorated throughout the study 
were also included, such as those who deteriorated CU to MCI (N 
= 210, 14%) and MCI to AD (N = 60,4%). The mixed effects mod-
el included covariates of baseline age, time in years of participants 
in the study, clinical conversion classification and the interaction 
of time and clinical conversion as main effects. The fixed effects as 
well as the intercept and slope random effect estimates from this 
model were used to generate the outcome for each participant. Re-
fer to Supplementary Appendix B for model results and summaries 
of simulated data. Our synthetic data set incorporated similar pa-
tient dropout rates as the AIBL study, with 22% and 42% of patient 
drop out by the fourth and final time points, respectively. Figure 2 
shows both the longitudinal AIBL PACC data trajectories and simu-
lated trajectories.

Simulated longitudinal data classification

Applied to the whole synthetic data set, the 1% quantile (z = 
−0.273 applied to expression (2)) was used to select a lower annu-
al rate of decline [Supplementary Figure 2] which determined the 
steepness of the sigmoid curve. Empirical synthetic data summa-
ries were used to compute sigmoid parameters a, m, v and s. Syn-
thetic participants were then mapped onto the first derivative [Sup-
plementary Figure 3], and hence their respective disease adjusted 
ages were computed. The cognitive classification cut-offs 1x  and 2x  
were found to be 66.95 and 78.56 years respectively. We identified 
1,249 (83%) with stable cognition, 226 (15%) with cognitive de-
cline and 25 (2%) with poor cognition/dementia. Disease adjusted 
trajectories mapped onto the sigmoid function for synthetic par-
ticipants are shown in Supplementary Figure 4. Table 1 shows the 
number of simulated participants categorized as cognitive decline 
status via the naive/ traditional approach [35] on the rows, as well 
as via the proposed sigmoid method shown on the columns.

Table 1: Comparison of empirical classification participants with either stable cognition or cognitive decline versus sigmoid algorithm classification 

(stable cognition, cognitive decline and poor cognition/ dementia).

Stable Cognition Cognitive Decline Poor Cognition or Dementia

Stable Cognition 1050 (70%) 72 (5%) 3 (0.2%)

Cognitive Decline 199 (13%) 154 (10%) 22 (1.25%)

Both approaches agree that 1050 (70%) of synthetic patients 
were cognitively stable and 154 (10%) of the cohort had cogni-
tive decline. Discrepancies detected found that there 199 (13%) of 
participants were categorized as having cognitive decline, but the 
sigmoid approach classified these individuals as stable cognition. A 
visual comparison of this group in Supplementary Figure 10, shows 
that trajectories for these individuals were very noisy with many 
following a ‘W’ or ‘N’ longitudinal trajectory or many placed just left 
of the sigmoid inflection point (at 66.95 years), and hence, narrow-
ly missed the cut-off to be considered as cognitive decliners. These 
results illustrate an advantage of the sigmoid method, that such 
thresholds are data driven by the entire cohort, including those in-
dividuals who show clear and rapid deterioration, and hence, our 
approach can untangle between normal or negligible decline from 
those observed with rapid cognitive deterioration, using only age 
and outcome measures.

Similarly, Supplementary Figure 6 shows the trajectories for 
72 (5%) synthetic individuals classified as cognitive decline by the 
sigmoid method, but stable cognition via the traditional approach. 
Via the sigmoid approach these individuals were split into two 
groups, those with trajectories that crossed the first inflection point 
at them later follow-up stages and those with lower-than-average 
outcomes, who crossed the second inflection point. Furthermore, 
we note that under the traditional approach, participants who have 
low cognition are considered as having cognitive decline, whereas 
the sigmoid approach identified these individuals as being in the 

poor cognition/dementia continuum, with a much later disease ad-
justed age as shown in Supplementary Figure 7 as these individuals 
did not show rapid annual rates of decline, however their overall 
mean outcome was lower than average.

Simulated bootstrapped results

There were 1, 418 (95%) synthetic individuals who had consis-
tent cognitive classification throughout all bootstrapped iterations. 
The proportion of participants with cognitive decline, in Supple-
mentary Figure 9, shows the consistency of the sigmoid algorithm 
to categories individuals. The uncertainty for each bootstrapped 
sigmoid parameter allowed for the computation of 95% confidence 
intervals, as shown on Supplementary Table 3, which included 
the stable cognition and cognitive decline group cut-off values 1x  
and 2x . These results show the bootstrap results were very sim-
ilar to the whole synthetic data application. We found 82 (5%) of 
participants with non-consistent classifications. The bootstrapped 
trajectories of these individuals and respective cut-off thresholds 
are shown in Supplementary Figure 10. These results show that 
majority of these individuals had either ’W’ or ’N’ shaped longitudi-
nal trajectory, meaning their estimated annual rates of decline was 
close to zero or positive, and they did not have a consistently high 
or low synthetic outcome mean. Other misclassified individuals had 
disease adjusted ages near the cut-off values, resulting in different 
classifications at different bootstrapped iterations.
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Sigmoid approach on AIBL case study

Our approach was applied to longitudinal AIBL PACC scores of 
N = 1, 199 individuals. Data was obtained at baseline and at col-
lections approximately 18 months apart for a minimum of two 
and a maximum of ten follow-up visits. Only participants 55 years 
or older with three or more AIBL PACC scores at each collection 
were retained. The 1% quantile (-0.3967) over participant slopes 
was selected as z in expression (2), see Supplementary Figure 11. 
Other empirical summaries were used to compute the remainder 
of the sigmoid parameters, as shown on Table 3. Once the sigmoid 

curve was derived for the cohort, the respective derivatives and cut-
offs were computed. The cut-off from stable cognition to cognitive 
decline was 1 70.76x =  and poor cognition/ dementia individual’s 
cut-off was 2 78.74x =  disease adjusted years. We can infer that 
the difference in these cut-off values, 7.99 years, is an approxi-
mate duration at which participants decline in AIBL PACC scores. 
Using the first derivative Supplementary Figure 12, participants 
were mapped onto the sigmoid curve, as shown in Figure 3. Using 
the AIBL PACC, we identified 777 (65%) and 390 (33%) as having 
either stable cognition or cognitive decline respectively. Table 2 
shows the cohort sizes across various clinical diagnosis groups.

Figure 3: Disease adjusted patient trajectories categorised as either: stable cognition (green), cognitive decline (red) or poor cognition/
dementia (blue). Vertical lines denote the cut-offs for the respective groups, derived from the third derivative.

Table 2: Sample sizes for clinical and sigmoid methodology groups and proportion in parenthesis. Abbreviations: cognitively unimpaired (CU), mild 

cognitive impaired (MCI), Alzheimer’s disease (AD).

Clinical deterioration Total No. (%) Stable Cognition Cognitive Decline Poor Cognition or Dementia

Steady CU 861 (72) 691 167 3

Steady MCI 40 (3) 15 13 12

Steady AD 38 (3) 0 34 4

CU to MCI 165 (14) 69 90 6

MCI to AD 50 (4) 2 42 6

CU to MCI to AD 29 (2) 0 28 1

CU to AD 16 (1) 0 16 0
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Table 3: Longitudinal AIBL study and bootstrapped sigmoid parameter summaries including standard deviation (SD) and 95% confidence interval (CI) 

reported.

Parameter Whole Data Application Mean SD Standard Error 95% CI

Fastest Rate. decline (a) 0.3339 0.33399 0.01554 0.00049 (0.33300, 0.33495)

Span of sigmoid (s) 4.7523 4.74094 0.05572 0.00176 (4.73748, 4.74439)

Vertical shift (v) -3.8532 -3.84683 0.05548 0.00175 (-3.85027, -3.84339)

Age midpoint (m) 74.7049 74.70329 0.09212 0.00291 (74.69758, 74.70900)

Low cut-off 1( )x 70.7560 70.75147 0.21260 0.00672 (70.73829, 70.76465)

High cut-off 2( )x 78.440 78.65512 0.20506 0.00648 (78.64241, 78.66783)

Sigmoid upper bound 0.8960 0.89411 0.01344 0.00043 (0.89328, 0.89494)

Sigmoid lower bound -3.8566 -3.84683 0.05548 0.00175 (-3.85027, -3.84339)

There were also 32 (3%) individuals in the poor cognition/de-
mentia group who had positive or small annual rates of decline as 
well as overall low AIBL PACC means. As shown in Supplementary 
Figure 15, the chronological age trajectories show these individuals 
to have lower than average mean AIBL PACC scores and their noisy 
trajectories do not fit the standard cognitive decline profile. The left 
of [Figure 2A] shows the raw chronological age participant disease 
trajectories, and via the algorithm, we shifted these trajectories as 
shown in Figure 3. Note that y-axis (AIBL PACC score) remains un-
changed in both plots, the only change via the sigmoid method is 
the shifting of participant to a younger (left) or older (right) dis-
ease adjusted age. The participant means versus slope scatter plot 
[Supplementary Figure 14] shows ranges and variability in the 
cohort, as well as the selection of slope and mean outcome values 
used to define the distinction of the stable cognition from the poor 
cognition/dementia group the outcome value of ( )f m . For further 
analyses on the utility of our method, we explored cognitive decline 
individuals who underwent a PET amyloid scan.

As accumulation of amyloid can begin up to 30 years before full 
clinical AD is diagnosed, this biomarker is increasingly of interest 
in early AD intervention. A subset of 965 AIBL individuals analyzed 
in this work also underwent at least one PET scan. These partici-
pants were categorized as PET βΑ  positive ( )βΑ +  if at any visit 
their PET amyloid accumulation measured by centiloid (CL) was 
greater than 15. In total there were 450 individuals identified as 
βΑ + . Of the 390 cognitive decline individuals, 322 had at least one 

or more PET scan and 68 cognitive decliners did not undergo any 
PET scans. To assess centiloid levels for cognitive decliners over in-
creasing disease age, we categorized disease age into six age bands 
and reported mean CL values and respective standard deviation 
for each age band, refer to Supplementary Figure 13. Mean CL was 
low in the first two age bands (less than 63 disease age years) with 
overall means of 10.9 & 9.7 CL. There was a notable increase in CL 
with increasing age bands towards the inflection point of 16.6, 30.9 
to 45.1. The age band after the inflection point, with a disease age 
of 72 and onwards, had a mean CL of 72.2.

Bootstrapped AIBL results

Cognitive classification concurrence can be seen in Supple-

mentary Figure 17, as shown by the proportion of classification for 
each AIBL participant. In this work, we found N = 1, 154 (or 96%) 
individuals with consistent cognitive classification. There were 45 
(4%) individuals with multiple cognitive classifications, Supple-
mentary Figure 18 shows their disease adjusted age longitudinal 
trajectories, as well as the bootstrapped cut-offs. Similar to the sim-
ulated analyses, we found that individuals with ’W’ or ’N’ shaped 
trajectories to be misclassified, as well as individuals whose disease 
adjusted ages were close to the cut-off values. Interestingly, our re-
sults also identified five individuals with steep upward AIBL PACC 
trajectories, whose mean outcomes were close to ( )f m  in value. 
These individual’s classification varies at the two extremes of the 
disease stages, from stable cognition to poor cognition/dementia 
groups. We note that during each bootstrap iteration ( )f m  which 
is used as the indicator variable in expression (4) slightly varies, as 
do all sigmoid parameter estimates, including cut-off estimates 1x  
and 2x  at every bootstrap iteration. Due to the overall AIBL PACC 
mean for these individuals being so close to 1x  and/or 2x  as well 
as variation in participant age offset via ( )f m , these individuals 
were shifted accordingly. Bootstrapping was used to estimate the 
mean parameter values and corresponding 95% confidence inter-
vals, shown in Table 3. The bootstrapped estimates align with the 
estimates of the method applied to the AIBL study cohort.

Discussion

The aim of this project was to develop an application using ex-
isting mathematical methodology to classify older adults into three 
separate groups with respect to a hypothetical cognitive trajectory 
that was expressed mathematical as a sigmoidal curve. We theo-
rized that by applying the process to longitudinal cognitive data 
from a large study of ageing, we could identify those older adults 
whose cognitive scores move past the inflection point on the sig-
moid cognitive trajectory prior to formal clinical classification of

MCI. Amongst those participants who were CU for all collec-
tions within AIBL, we identified 16% who had cognitive scores 
which were past the inflection point, and were experiencing objec-
tive cognitive decline prior to being formally classified as having 
MCI. Such participants have cognitive scores then which align with 
the standard cognitive decline seen in AD and can be monitored 
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closely in future years. Additionally, for those participants with MCI, 
the method classified 43% with stable cognition. Tracking disease 
progression has been well characterized over the years, with sepa-
rate groups providing methods and techniques on how to measure 
rates of decline, define when the levels of βΑ  become abnormal, 
and then how long it takes between when βΑ  become abnormal 
whilst cognition is still normal (pre-clinical phase) through to when 
cognition becomes impaired (prodromal disease). The original hy-
pothetical model for disease progression proposed in 2010 by Jack, 
et al. [9] defined the sigmoid type trajectory, with βΑ  becoming 
abnormal first, followed by taumediated neuronal injury and dys-
function, a loss of brain volume, followed by decline in memory and 
lastly clinical function.

Updates to this model, along with data from the DIAN study 
[11] demonstrated changes in CSF 42βΑ  and tau from 15-30 years 
prior to the estimated year from expected onset. Villemagne et. al. 
(2013) [3] demonstrated that using 3-4 years of PET- βΑ  data from 
participants of the AIBL study was enough to provide a reliable 
model of change in βΑ  across the full AD continuum, determining 
rates of change per year, and disease time for each participant. An-
other method by Jack et. al. (2013) [46], although slightly different, 
achieved similar results and demonstrated the pattern of change in 
Aβ over the disease continuum fit a sigmoid type curve. More re-
cently a method to align participants to an AD trajectory and define 
and amyloid time or amyloid clock was published [47]. The method 
derived an estimated time symptom onset, which has been used 
across cognition [48], CSF and blood biomarkers [49]. All methods 
describe either the trajectory of the biomarker of interest, or the 
time to symptom burden, without a formal classification at a point 
on the curve by which a participant can be said to have progressed 
from a theoretical “stable” state, to a disease progression state. The 
inflection point identified here (bootstrap average) for the PACC 
score occurred at an average population disease age of 70.8 years 
of age (SD: 0.2), which was almost the same as from using the single 
run estimate (70.76 years of age).

For participants who remained cognitively stable over the study, 
the average follows up time ranged between 3 and 15 years, with 
PACC scores slowly decreasing Figure 3, indicating a long enough 
follow-up time to discern AD-related cognitive decline. Given the 
inherently complex nature of the disease, it is important to be able 
both track individual cognitive decline and define optimal points 
for participants to be treated. Due to the short clinical trial period 
with respect to a disease which may span three decades, success-
ful trials have thus far focused on participants who were at a very 
specific disease stage, either MCI due to AD or mild AD in addition 
to testing positive for specific AD biomarkers. End points for these 
trials include cognitive assessments which target a measurement 
on the progression of established AD such as the Clinical Dementia 
Rating Sum of boxes. Trials for a different group of participants with 
preclinical AD are currently under way, and these use very different 
cognitive outcome measures such as the PACC score. Using the ap-
plication of this method allowed the identification of participants 
with a cognitive trajectory consistent with that leading towards AD, 
both in pre-clinical and prodromal stages. It also identified those 

participants who had scored lower on cognition at baseline, but 
who failed then to progress to MCI or AD in the coming years.

One benefit of using longitudinal cognitive data from the AIBL 
study is that for those with cognitive decline, we were able to follow 
their cognitive trajectories for up to 12 years prior to the sigmoid 
inflection point. For participants with cognitive decline as defined 
here, assessment of centiloid levels across three-year age bands 
demonstrated the mean centiloid level to reach abnormal levels 
(>15CL) approximately seven years prior to the inflection point for 
the PACC score, with a mean centiloid level at the inflection point 
at approximately 45CL (SD: 49.5). The large standard deviation 
around each of the mean centiloid levels indicated a large propor-
tion of variation in centiloid level for participants at the inflection 
point. In this work we tested the method on simulated data, using 
parameters derived from the AIBL study, and then compared the 
results from a standard approach of using a 1.5 SD decline in two or 
more cognitive domains. Whilst this simulated transition between 
CU and MCI, and MCI and AD does not mimic a real-life classification 
transition, it was able to validate the performance of classification 
using a simulated data set. Bootstrapped results from the simulated 
data showed approximately 5% of participants to have inconsistent 
classifications, with patterns of cognition representing either “M” 
or “W” shaped patterns, which were also seen in the AIBL data set.

Such participants were correctly classified in both simulation 
and AIBL data sets into the poor cognition/dementia category, 
whereby their cognitive trajectories do not match the typical AD 
trajectory. Data causing these patterns could be from natural vari-
ability of the measure, or that participants sometimes perform 
poorly, not due to the disease, but for other reasons unexplained by 
traditional measures. A major strength of this work is the simplicity 
of the implementation of this method. Only longitudinal participant 
chronological age and cognition are needed for implementation. As 
a minimum, we recommend at least three observations per partici-
pant, for a period of 36 or more months as an appropriate duration 
of to observe substantial change in AD related outcome measures. 
The method has utility in both research and in the clinic, whereby 
participant data can be added to the method, and a classification 
can be extracted as to where the participant is on the population 
trajectory. Estimates of either how long it will take to reach the 
inflection point, or how long ago the person passed the inflection 
point can be derived. 

This can become complex whilst taking into account the pres-
ence of confounders such as genetic factors such as APOE ϵ4, base-
line age and gender, however given these are present in the under-
lying data, estimates can be derived for each specific subgroup. A 
disadvantage of this method, due to its simplicity, is the fact that 
other important factors affecting AD trajectories are not included 
in the derivation of the participant trajectory, such as APOE ϵ4 car-
rier status, gender or clinical diagnosis. Furthermore, for a robust 
sigmoid curve and hence identification of participant groups via the 
inflection point, information on participants across the entire AD 
spectrum is needed. In summary, the work here demonstrates the 
application of a method which can allocate participants to groups 
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based on their non-linear cognitive trajectory. Estimates based on 
the population curve can be derived to estimate where exactly on 
the AD trajectory they sit, and if their cognitive trajectory fits what 
would be expected given the population. Future work will imple-
ment the current methodology into an online application which will 
classify participants given a single cross-sectional point of data.
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Appendix

Appendices for this work and R code to implement method can 
be found at the following link: https://data.csiro.au/collection/
csiro:70027v2.

Appendix A

Sigmoid second derivative of expression (1) in manuscript is
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Appendix B

Figure 1: Synthetic data set patient mean AIBL Pre-Clinical Alzheimer’s Cognitive Composite (PACC) score versus patient slope. Horizontal black 
line denotes zero annual rate of decline. Red, green and blue lines denote the mean PACC scores for Cognitively Unimpaired (CU), Mild Cognitively 
Impaired (MCI) and clinical progressors from CN to MCI (CN.MCI) as well as MCI to AD (MCI.AD) patients. Coloured vertical and horizontal lines 

denote mean slopes and outcomes for various cognitive diagnosis groups.
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Appendix C

Sigmoid method applied to longitudinal synthetic data

Figure 2: Distribution of synthetic patients annual rate of decline (slope). Black vertical line denotes 1% quantile (-0.2732) selected to choose the 

sigmoid point of fastest rate of decline in '( )f m , parameter a .

Figure 3: Synthetic patients shifted from their chronological age to their disease adjusted age mapped via '( )f x .
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Figure 4: Synthetic patients shifted (to older or younger disease adjusted age) onto the sigmoid curve. Vertical gray lines denote stable cognition to 
cognitive decline thresholds (left, 1x ) and poor cognition/ dementia cut-off (right, 2x ). Patients are categorized as either stable cognition, cognitive 

decline or poor cognition/ dementia groups contingent on their trajectories crossing these thresholds.

Figure 5: Mismatched 172 longitudinal patient trajectories (in red) between naive approach (cognitive decliners) and Sigmoid approach (stable 
cognition) in both chronological (A) and disease adjusted (B) age domains. Vertical black lines in (B) denoted sigmoid inflection or cut-off points for 

classification at disease ages 69.78 and 75.73 years, respectively.

http://dx.doi.org/10.33552/ABBA.2025.07.000653


Citation: Marcela Cespedes, Timothy Cox, Cai Gillis, Nancy Nairi Maserejian, Hamid Sohrabi, Christopher Fowler, Paul Maruff, 
Stephanie Rainey-Smith, Colin Masters, Jurgen Mejan-Fripp and James Doecke. A Mathematically and Clinical Interpretable 
Approach to Identify Disease Sub-Groups from Longitudinal Patient Trajectories. Annal Biostat & Biomed Appli. 7(1): 2025. ABBA.
MS.ID.000653. DOI: 10.33552/ABBA.2025.07.000653.

Annals of Biostatistics & Biometric Applications                                                                                                               Volume 7-Issue 1

Page 13 of 21

Figure 6: Mismatched 72 longitudinal patient trajectories (in red) between naive approach (cognitive non-decliners) and Sigmoid approach (cognitive 
decliners) in both chronological (A) and disease adjusted (B) age domains. Vertical black lines in (B) denoted sigmoid inflection or cut-off points for 

classification at disease ages 69.78 and 75.73 years, respectively.

Figure 7: AD dementia longitudinal patient trajectories (in red) in both biological (A) and disease adjusted (B) age domains. Vertical black lines in (B) 

denoted sigmoid inflection or cut-off points for classification at disease ages 69.78 and 75.73 years, respectively.
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Figure 8: Distribution of sigmoid parameters derived from 1, 000 bootstrapped iterations of synthetic data.

Figure 9: Proportion of patients for each cognitive group (stable cognition, cognitive decline, poor cognition/ dementia) derived from 1,000 boot straps 
for each synthetic participant. At each bootstrap iteration, the sigmoid algorithm was applied on a random subset of N = 1,200 (80%) of synthetic 

patients. A total of 82 patients (5%) had multiple classifications.
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Figure 10: Bootstrapped trajectories of 82 patients with multiple cognitive classifications. Vertical blue lines are bootstrapped m values, vertical gray 

lines are bootstrapped cognitive classification cut-offs 1x  and 2x .

Appendix D

Application to AIBL study data

Figure 11: Distribution of AIBL patient annual rate of decline (slope). Black vertical line denotes 1% quantile (-0.3967) selected to choose the sigmoid 
point of fastest rate of decline '( )f m , parameter a .
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Figure 12: AIBL patients shifted from their chronological age to their disease adjusted age mapped via '( )f x .

Bootstrap Results

Figure 13: Cognitive decliner trajectories with PET Centiloid (CL) summaries for each disease age band (60¡, 60-62.9, 63-65.9, 66-68.9, 69-71.9 and 
72+), separated by dashed lines. CL information such as the number of PET CL observations (n), mean CL and Standard Deviation (SD) are reported 

for each age band.
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Figure 14: Mean AIBL Pre-Clinical Alzheimer’s Cognitive Composite (PACC) score versus patient slope. Horizontal black line denotes quantile slope 

value selected as in Supp. Figure 11. Vertical black line denotes outcome estimated by ( )f m  color coded across the sigmoid groups.

Figure 15: AIBL biological age patient trajectories. Participants classified as poor cognition/ dementia are shown in blue, all others in gray.
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Figure 16: Distribution of sigmoid parameters across 1,000 bootstrapped iterations for AIBL study data.

Figure 17: Proportion (%) of patients for each cognitive group (stable cognition, cognitive decline and poor cognition/ dementia) derived from 1,000 

bootstraps applied to AIBL study. At each bootstrap iteration, the sigmoid algorithm was applied on a random subset of N = 959 (80%) of patients.
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Figure 18: Bootstrapped 45 AIBL patient trajectories with multiple classifications. Vertical blue lines are bootstrapped m values, vertical gray lines are 

bootstrapped cognitive classification cut-offs 1x  and 2.x

Appendix B

Linear mixed effect results below were used to generate AIBL PACC scores for N = 1, 500 synthetic participants for simulation study.

Table 1: Results from linear mixed effects models on AIBL study data. Model coefficients and estimated patient and population level Standard De-
viation (SD) were used to generate synthetic data for simulation study. Random effects include intercept and slope (annual rate of decline) for each 
patient. Abbreviations: Cognitively Unimpaired (CU), Mild Cognitive Impaired (MCI), Alzheimer’s Disease (AD). Model results with 95% Credible 

Intervals (CI) reported.

Coefficient Estimate 95% CI

Intercept 2.953 (2.594, 3.313)

Baseline age (years) -0.041 (-0.046, -0.036)

Steady MCI -1.329 (-1.516, -1.143)

Steady AD -2.822 (-3.024, -2.62)

CU to MCI -0.524 (-0.623, -0.425)

MCI to AD -1.970 (-2.145, -1.795)

Time in study (years) 0.001 (-0.004, 0.006)

Steady MCI: Time -0.039 (-0.07, -0.009)

Steady AD: Time -0.278 (-0.318, -0.238)

CU to MCI: Time -0.065 (-0.077, -0.052)

MCI to AD: Time -0.229 (-0.258, -0.199)

Random intercept SD 0.544 (0.516, 0.57)

Random slope SD 0.052 (0.046, 0.056)

Residual SD 0.357 (0.342, 0.357)
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Table 2: Characteristics of synthetic AIBL data generated for simulation study. Mean and standard deviation summaries reported in parenthesis. Ab-

breviations: Clinical diagnosis: Cognitively Unimpaired (CU), Mild Cognitive Impaired (MCI), Alzheimer’s Disease (AD).

Diagnosis classification N Baseline age (years) PACC score Patient slope Duration in study (years)

steady CU 1, 125 69.99 (6.64) 0.22 (0.66) -0.056 (0.041) 2.53 (0.6)

steady MCI 60 70.25 (6.25) -1.47 (0.72) -0.111 (0.045) 2.5 (0.64)

steady AD 45 69.65 (6.09) -3.42 (0.76) -0.246 (0.05) 2.57 (0.63)

CU to MCI 210 70.19 (6.75) -0.54 (0.63) -0.083 (0.038) 2.52 (0.61)

MCI to AD 60 72.58 (6.55) -2.46 (0.62) -0.2 (0.046) 2.42 (0.68)

Appendix C

Sigmoid method applied to longitudinal synthetic data
Bootstrap Results

Table 3: Summaries for method applied to whole synthetic data sets and bootstrapped sigmoid parameter mean, standard deviation (SD), standard 

error and 95% Confidence Interval (CI) derived from synthetic study data.

Parameter Whole data application Mean SD Standard Error 95% CI

Fastest Rate. decline (a) 0.44270 0.44299 0.00820 0.00026 (0.44249, 0.44350)

Span of sigmoid (s) 2.46825 2.47012 0.04879 0.00154 (2.46709, 2.47314)

Vertical shift (v) -1.63702 -1.64057 0.04902 0.00155 (-1.64361, -1.63753)

Age midpoint (m) 72.7568 72.75494 0.08854 0.00280 (72.74945, 72.76043)

Low cut-off 69.78200 69.78107 0.10267 0.00325 (69.77470, 69.78743)

High cut-off 75.73160 75.72882 0.10573 0.00334 (75.72227, 75.73537)

Sigmoid upper bound 0.83123 0.82955 0.01098 0.00035 (0.82887, 0.83023)

Sigmoid lower bound -1.6370 -1.64057 0.04902 0.00155 (-1.64361, -1.63753)
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