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ABSTRACT

Background and Purpose: Interpreting the Rey complex figure (RCF) requires a standard
RCF scoring system and clinical decision by clinicians. The interpretation of RCF using
clinical decision by clinicians might not be accurate in the diagnosing of mild cognitive
impairment (MCI) or dementia patients in comparison with the RCF scoring system. For
this reason, a machine-learning algorithm was used to demonstrate that scoring RCF using
clinical decision is not as accurate as of the RCF scoring system in predicting MCI or mild
dementia patients from normal subjects.

Methods: The RCF dataset consisted of 2,232 subjects with formal neuropsychological
assessments. The RCF dataset was classified into 2 datasets. The first dataset was to compare
normal vs. abnormal and the second dataset was to compare normal vs. MCI vs. mild
dementia. Models were trained using a convolutional neural network for machine learning.
Receiver operating characteristic curves were used to compare the sensitivity, specificity, and
area under the curve (AUC) of models.

Results: The trained model's accuracy for predicting cognitive states was 96% with the first
dataset (normal vs. abnormal) and 88% with the second dataset (normal vs. MCI vs. mild
dementia). The model had a sensitivity of 85% for detecting abnormal with an AUC of 0.847
with the first dataset. It had a sensitivity of 78% for detecting MCI or mild dementia with an
AUC of 0.778 with the second dataset.

Conclusions: Based on this study, the RCF scoring system has the potential to present more
accurate criteria than the clinical decision for distinguishing cognitive impairment among
patients.

Keywords: Machine Learning; Rey-Osterrieth Complex Figure; Mild Cognitive Impairment;
Dementia; Neuropsychological Test

INTRODUCTION

Neuropsychological tests can help obtain information on the functional integrity and
structure of the human brain. These tests play a core role in accessing patients with mild
cognitive impairment (MCI) and dementia.! MCI is an intermediate stage between the
expected cognitive decline of normal aging and the serious decline of dementia. Patients with
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MCI might have substantial limitations for daily activities.? Dementia is a clinical syndrome
characterized by a progressive cognitive decline that can interfere with one's ability to
function independently in daily activities.?

Rey complex figure (RCF) is a widely used neuropsychological instrument to evaluate the
cognitive function and access constructional ability (Fig. 1).* RCF was first proposed by

a Swiss psychologist Andre Rey in 1941. Paul-Alexandre Ostterrieth further standardized
the scoring system to an 18-point scale scoring system and added child norms in 1944.5
RCF has been used as a neuropsychological test for visual perception and long-term visual
memory both in clinical and different research environments. The order and accuracy in
which the RCF is copied and drawn from the recall can provide information on the location
and extent of neuropsychological disorder.® Studies using RCF have revealed visual memory
disturbances in individuals with dementia. Poorer copying of a figure by a given patient in
comparison with that by normal healthy controls could suggest Alzheimer's disease (AD).” It
has been reported that RCF is one of neuropsychological tests with adequate sensitivity and
specificity for discriminating patients with different neuropsychological conditions such
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Fig. 1. Rey complex figure drawing samples for participants. (A) Normal subjects, (B) abnormal and mild cognitive impairment subjects, (C) mild dementia

subjects.
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Table 1. CDR scaling criteria

Characteristics Scale
Normal 0
MCI 0.5
Mild dementia 1.0
Moderate dementia 2.0
Severe dementia 3.0

CDR: clinical dementia rating, MCI: mild cognitive impairment.

as dementia, MCI, depression, and mild head injury.® Many clinicians have used RCF for
diagnosing MCI and dementia to improve their clinical decisions.

The RCF scoring system for participants can be performed in 2 ways: the standard RCF scoring
system and clinical decision based on clinical dementia rating (CDR).%° The CDR is evaluated
using the Korean Screening Questionnaire (KDSQ) on a scale of 0-3 (Table 1).!" The KDSQ is a
dementia screening questionnaire that identifies early dementia patients." In the 36-point version
of the RCF scoring system, the figure is split into eighteen identifiable areas.®® Each line category
is considered separately and marked on the accuracy of its position and the exhibited distortion
with scales shown in Appendix 1. The clinical decision was a major criterion for differentiating
MCI and mild dementia subjects. The RCF score depends on the accuracy of the drawing by the
participant. Clinical decision is based on the CDR scale that depends on KDSQ results of each
participant. The RCF tool can only help inform clinicians with the diagnosis of MCI or mild
dementia. The final diagnosis of patients with MCI or mild dementia is determined by clinicians.’

Machine-learning algorithms could analyze large and complex medical datasets.’>® Many
machine-learning algorithms have been used in the detection, prediction, diagnosis, and
classification of diseases, such as cancer and other chronic diseases.* Other studies have
reported a fully automated scoring algorithm for RCF by comparing scoring results of the
algorithm to results of manual scoring.” The algorithm consisting of a cascade machine
learning model was trained on manual scores to extract 18 segments of the RCF. The algorithm
performance was high, but not strictly equivalent to manual scoring. The previous study
concluded that scoring the RCF using machine learning algorithm could save time in clinical
practices. The objective of the current study was to compare the RCF scoring system with
clinical decision using a machine-learning algorithm in the prediction of cognitive states.

METHODS

TensorFlow (https://www.tensorflow.org) was used to train machine learning models with an
artificial neural network algorithm to distinguish subjects diagnosed as cognitively impaired
from normal subjects. The first model consisted of normal vs. abnormal subjects. They were
grouped according to the RCF scoring system. The second model consisted of normal vs.
MClI vs. mild dementia groups based on the clinical decision from clinicians. The dataset was
obtained from the Chung-Ang University Hospital (IRB No. C2012049[744]) Department

of Neurology, South Korea. The convolutional neural network (CNN) in Tensorflow was
implemented for machine learning. CNNs are the most common networks used with image
classification developed for the machine-learning algorithm using Python language in
Tensorflow, which could take in an assigned image input with learnable weights and biases
and then combine both feature extraction and classification.” Tensorflow software was
developed by Google with a library for machine learning with Python computer language.'®
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Participants

The study was carried out with a total number of 2, 232 participants. It was a hospital-based
cohort study to assess the occurrence and risk factors of cognitive disorders in the elderly.
The dataset was composed of participants categorized into 5 diagnostic groups depending
on the RCF scoring system and clinical decision. These groups were categorized as following.
Normal and abnormal were based on the value of threshold cutoff point of 16% depending on
the calculated average value from RCF copy test score (Appendix 1), age, and education level.
Normal, MCI, and mild dementia groups were based on clinical decisions depending on the
KDSQ." Participants were grouped using CDR scale (Table 1).

Criteria for differentiating normal and abnormal groups were based on the value of threshold
cutoff point of 16% averaged from the RCF copy test score, age, and education level of each
participant from the study as follows: 1) participants with an average score of >216% were
grouped as normal subjects; 2) participants with an average score of <16% were grouped as
abnormal subjects. Criteria for differentiating normal, MCI, and mild dementia groups were
based on the clinical decision using the CDR scale of participant from the study as follows: 1)
those with CDR of O were grouped as normal subjects, 2) those with CDR of 0.5 were grouped
as MCI subjects, 3) those with CDR of 1 were grouped as mild dementia subjects.

Subjects with medical history, such as territorial brain tumor, hydrocephalus, encephalitis,
severe head trauma, and current or past neurological or psychiatric illnesses, such as
schizophrenia and epilepsy, were excluded from the study. A total of 2,209 participants
were selected and inputted for the machine-learning. The dataset was sorted according to
the criteria for each class. Age, sex, and education level were also considered during group
classifications of each subject.

Models training and statistical analyses

The first step of model training involved in organizing the dataset into 5 groups based on

their criteria: (normal vs. abnormal) and (normal vs. MCI vs. mild dementia). The dataset was
prepared for 2-way classification (normal vs. abnormal) and 3-way classification (normal vs.
MCI vs. mild dementia) with respect to RCF scoring system and clinical decision. The dataset
of normal vs. abnormal groups was used for the first model to predict abnormal from normal
subjects. Normal vs. MCI vs. mild dementia groups were analyzed as a dataset for the second
model to predict MCI and mild dementia from normal subjects. The MCI vs. mild dementia
dataset was not evaluated for machine learning because this dataset was too small for training.

The current study was conducted to compare the scoring criteria between the RCF scoring
system and clinical decision for their accuracy in predicting cognitively impaired patients
from normal subjects through a machine-learning algorithm.

The second step of the model training involved splitting data and training machine learning
models with an artificial neural network using CNN in Tensorflow on Colab cloud platform
(https://colab.research.google.com/), which required to go through the following pre-
processing steps. Data were imported from participants with ‘.png’ format. The “validation_
split” function from “tf.keras.preprocessing.image_dataset_from_directory” was used to
randomly split data into training and test datasets. The train size was 0.70, which indicated
the percentage of the data withheld for the training set. The validation dataset was comprised
of the remaining 30%.
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The training dataset was used for further model training using CNN in TensorFlow. The
trained model was then applied to an algorithm with Keras library. From Keras library, the
“Keras. Models” function was loaded to the developed model from TensorFlow. The model
then predicted subjects with abnormal, MCI, and mild dementia from normal subjects.
The “NumPy_asarray” function was used to convert the RCF test image and applied in the
algorithm using “one_hot encoding” to evaluate the accuracy of prediction of the model.

This artificial neural network consisted of 5 convolutional and max-pooling layers. A dropout layer
was inserted before connecting it to a fully connected neural network. To improve the prediction
accuracy and prevent overfitting, 2-3 out of 10 weights were connected to the next layer. Since
datasets were relatively small for machine learning, ImageDataGenerator from Keras library

was used for image augmentation of RCF images. ImageDataGenertor was an augmentation
technique that could be used to artificially expand the size of the training dataset by creating
modified versions of images in the dataset.”A dropout rate of 0.2-0.3 was used in the activation
layer. The cost was minimized with the “adam” optimizer method and calculated using “Sparse_
Categorical_Crossentropy”. A batch size of 20 and 4072 epochs was applied to model training.
The optimal dropout rates and epochs were found and adjusted during the model training.

The model training in Tensorflow was performed once with the datasets, which were grouped
according to their criteria. The fourth step involved calculating the sensitivity, specificity, and
AUC of the model with the ROC curve by conducting logistics regression using TensorFlow
(https://www.tensorflow.org). This process was performed for both the first dataset (normal
vs. abnormal) and the second dataset (normal vs. MCI vs. mild dementia) separately.

Ethics statement
The ethics committee of the Chung-Ang University Hospital approved this study(IRB No.
C2012049[744]).

RESULTS

After obtaining raw data from the Department of Neurology, these raw data seemed to

be imbalanced. In the first dataset, there were 1,296 and 913 normal and abnormal cases,
respectively. There were 447 males and 849 females in the normal group of subjects and 375
males and 538 females in the abnormal group of subjects. In the second dataset, were 1,649,
453, and 107 normal, MCI, and mild dementia subjects, respectively. Gender distributions
in the second dataset were as follows: 606 males and 1,043 females in normal subjects;

179 males and 274 females in MCI subjects; and 59 males and 48 females in mild dementia
subjects (Tables 2 and 3).

Demographics of the dataset

From a total number 0f 2,232, 2,209 subjects were allocated to training and validation
datasets. The first model had a training dataset of 1,296 normal subjects and a validation
dataset of 913 abnormal subjects. The second model had a training dataset of 800 normal
subjects with 150 MCI and 40 mild dementia patients.

Based on the 36-point RCF scoring system, the accuracy of the first model for predicting

normal and abnormal subjects was 96%. In the second model with clinical decision criteria
based on CDR scale, the prediction accuracy for normal, MCI, and mild dementia was
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Table 2. Demographics of subjects included in this study and their classifications in the training and testing sets
according to normal and abnormal group following the 36-point RCF scoring system

Characteristic Normal” Abnormalf
No. of subjects (n=2,209) 1,296 913
Age 71.27+9.65 72.53+£10.24
Males (females) 447 (849) 375 (538)
Education 8.89+4.92 8.24+5.44
RCF score* 57.60+21.78 2.95+4.25
Training 1,296 913
Testing 450 330

Data are shown as mean=standard deviation.
RCF: Rey complex figure.
*Normal, normal subjects with RCF score >16%; TAbnormal, abnormal subjects with RCF score <16%; ¥p<0.05.

Table 3. Demographics of subjects included in this study and their classification in the training and testing sets
according to normal, MCI, and mild dementia following clinical decision based on the CDR scale

Characteristic Normal* MmcIt Mild dementia¥
No. of subjects (n=2,209) 1,649 453 107

Age 70.84+9.55 74.77£10.18 78.09+9.24
Males (females) 606 (1,043) 179 (274) 59 (48)
Education 8.99+5.04 7.32+5.97 6.78+5.18
Training 1,640 450 107
Testing 800 150 40

Data are shown as meanzstandard deviation.

MCI: mild cognitive impairment, CDR: clinical dementia rating.

*Normal, normal subjects classified with the clinical decision based on CDR scale of 0; TMCI, MCI subjects
classified with clinical decision based on CDR scale of 0.5; *Mild dementia, mild dementia subjects classified with
the clinical decision based on CDR scale of 1.0.

88%. The first model had a sensitivity of 85% for detecting abnormal subjects and the
second model had a sensitivity of 78% for detecting MCI and dementia cases. The receiver
characteristic curve (ROC) of the 5 predictors of the 2 models is shown in Fig. 2. The first
model (normal vs. abnormal) had a larger area under the curve (AUC) of 0.847 in comparison
with the second model (normal vs. MCI vs. mild dementia) with an AUC of 0.778.

DISCUSSION

The goal of this study was to develop a machine-learning algorithm to differentiate the
scoring method for RCF to achieve a higher accuracy in diagnosing cognitive state of a
subject. The appropriate scoring criteria for RCF were verified as the standard scoring system
since the accuracy for predicting normal and abnormal subjects was 96%. The validation
dataset accuracy was at 90% in comparison with the clinical decision scoring system based
on CDR scale by clinicians, which had an accuracy of 88% for predicting subjects with
normal, MCI, and mild dementia with an accuracy of 85% using the validation dataset.

The first model revealed a higher sensitivity, a higher AUC, and a lower specificity in
comparison to the second model. Results showed that the standard 36-point RCF scoring
system was an appropriate scoring system for RCF test compared to clinical decision scoring
method in the detection of cognitive states of the subject. Generally, screening tools would
require a higher sensitivity in order not to miss patients with dementia even with lower
specificity.’ Several reports have suggested the implementation of RCF neuropsychological
tests in assessing patients with AD. Previous study results have indicated significant
differences between 381 normal subjects from clinical decision classification by CDR of O
and 137 patients with AD classified with clinical decision of CDR of 0.5. All subjects could
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Fig. 2. ROC curves of 2 predictors' first model and second model. ROC curves were obtained by conducting a
logistic regression using Tensorflow on the dataset of the first model (normal vs. abnormal) and the second
model (normal vs. mild cognitive impairment vs. mild dementia).

ROC: receiver operating characteristic.

perform the full set of RCF tasks. Subjects with CDR O revealed a significant step-by-step
learning effect of drawing the RCF, while subjects with CDR 0.5 did not show a significant
step-by-step learning effect.” This result demonstrated that RCF could be as a useful
cognitive tool to differentiate a cognitively impaired patient from a normal subject.

The classified datasets for training might not be enough. Overfitting occurred during the
training. A data augmentation technique called ImageDataGenerator using the flow from

the directory method was carried out to avoid overfitting. ImageDataGenertor was an
augmentation technique for artificially expanding the size of the training dataset by creating
modified versions of images in the dataset from the Keras library.?® Keras is a great high-level
library that could allow the creation of powerful machine-learning models.*

Previous studies that involved diagnosing MCI based on the CDR scale demonstrated that
CDR scoring criteria could not accurately diagnose patients with MCI. Grundman et al.”> have
analyzed 769 patients with MCI diagnosed using clinical decision based on CDR scale, 107
cognitively normal elderly controls, 122 patients with very mild AD rated as having a CDR of
0.5, and 183 patients with mild AD rated as having a CDR of1.0. Patients met operational
criteria for amnestic MCI. Controls were individuals who had a CDR of 0. They reported that
the mean of the CDR sum of boxes of the CDR 0.5 AD group (n=122) was 1.7 times higher than
that for individuals in the MCI group (n=769) whom the doctor diagnosed without using the
CDR scale.” These results indicate that the classification of patients depending on the clinical
decision based on CDR might not be accurate in the detection of MCL. The current method of
analysis with machine learning from the second model supported their observations.

There are also other limitations with global CDR scores for MCI diagnosis when we consider
disease progression. When MCI participants with global CDR scores of 0.5 were divided
into groups with relatively intact or impaired ratings on the ADL subscale of the CDR, MCI
participants with impaired ADL were more likely than those with intact ADL to progress to

a clinical diagnosis of probable AD within the next 2 years.” These findings indicate that
individuals with global CDR scores of 0.5 can manifest heterogeneous states of cognitive
impairment ranging from healthy elders to mild AD.
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RCF as a screening tool with an RCF scoring system was easier to utilize in comparison

to the clinical decision scoring system depending on the CDR scale. The clinical decision
scoring system showed several limitations. For example, the clinician must be skilled and the
interview should be conducted face to face in screening patients, which required much time
and effort.” Therefore, the RCF scoring system for RCF as a screening tool might be more
appropriate in primary care practice.

Comparison of RCF Scoring System to CDR

The purpose of this study was to evaluate which criteria between RCF scoring system

and clinical decision for RCF might be more accurate in diagnosing abnormal, MCI, and
dementia using a neural network algorithm for machine learning. Our results indicated that
the first trained model (normal vs. abnormal) based on the RCF scoring system had high
accuracy, sensitivity, and specificity in predicting abnormal subjects compared to the second
trained model (normal vs. MCI vs. dementia) based on clinical decision in predicting MCI
and dementia from normal subjects. Therefore, the machine learning trained model on RCF
can be used as a screening tool by neuropsychologists for diagnosing abnormal, MCI, and
dementia from normal subjects.

In the current study, the first model (normal vs. abnormal) categorized with RCF scoring
system criteria could predict abnormal subjects from normal, but the second model (normal
vs. MCI vs. mild dementia) categorized with clinical decision criteria did not predict the
severity of MCI or dementia from normal subjects. The sensitivity and specificity of the first
model were high than those of the second model in the prediction. These results suggest that
clinical decisions might not be accurate in diagnosing MCI or mild dementia. For this reason,
neuropsychologists and other researchers should use the RCF scoring system for diagnosing
cognitive states of subjects. The machine learning models developed in this study could assist
neuropsychological decisions in diagnosing cognitive states of subjects.
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Neurocognitive
Disorder

Comparison of RCF Scoring System to CDR

Appendix 1. Rey complex figure: scoring criteria.
Score 2: accurately drawn and correctly placed; score 1: accurately drawn and incorrectly placed, or inaccurately drawn and correctly placed; score 0.5:
inaccurately drawn but recognizable, and incorrectly placed; score 0: inaccurately drawn and unrecognizable or omitted, and incorrectly placed.

r i, S 10

3 12

https://dnd.or.kr https://doi.org/10.12779/dnd.2021.20.4.70 79



	Comparison of RCF Scoring System to Clinical Decision for the Rey Complex Figure Using Machine-Learning Algorithm
	INTRODUCTION
	METHODS
	Participants
	Models training and statistical analyses
	Ethics statement

	RESULTS
	Demographics of the dataset

	DISCUSSION
	REFERENCES


