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ABSTRACT

Background: Diffusion tensor imaging (DTI) has been widely used to identify structural integrity and to delineate
white matter (WM) degeneration in Alzheimer’s disease (AD). However, the validity and replicability of the ability
to discriminate AD patients and normal controls (NCs) of WM measures are limited due to the use of small cohorts
and diverse image processing methods. As yet, we still do not have a clear idea of whether WM characteristics
are biomarkers for AD.

Methods: We conducted a competition with diffusion measurements along 18 fiber tracts as features extracted via
the automated fiber quantification (AFQ) method based on one of the largest worldwide DTI multisite biobanks
(862 individuals, consisting of 279 NCs, 318 ADs, and 265 MCIs). After quality control, 825 subjects (276 NCs,
294 ADs, and 255 MCIs) were divided into a public training set (N=700) and a private testing set (N=125).
Forty-eight teams submitted 130 solutions that were estimated on the private testing samples. We reported the
final results of the top ten models.

Results: The performance of white matter features in AD classification was stable and generalizable, which indi-
cated the potential of WM to be a biomarker for AD. The best model achieved a prediction accuracy of 82.35%
(with a sensitivity of 86.36% and a specificity of 78.05%) on the private testing set. The average accuracy of the
top ten solutions was over 80%.
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Conclusions: The results of this competition demonstrated that DTI is a powerful tool to identify AD. A larger
dataset and additional independent cohort cross-validation may improve the discriminant performance and gen-
eralization power of the classification models, thus revealing more precise disease severity factors associated
with AD. For this purpose, we have released this database (https://github.com/YongLiuLab/AI4AD_AFQ) to the
community, with the expectation of new solutions for the accurate diagnosis of AD.

1. Introduction

Alzheimer’s disease (AD) is a chronic, progressive neurodegenera-
tive disease that is associated with cognitive dysfunction, psychiatric
symptoms, and daily life disorders that seriously threaten the normal
life of patients and place a significant burden on both society and the
family [1,2]. The prevalence of AD could increase in parallel with the
progressive aging of the population. Researchers have conducted nu-
merous studies on the identification of the pathogenic mechanism of
this disorder, and they have also been searching for methods for the di-
agnosis of AD, thus concluding that an early diagnosis and investigation
would have a significant positive impact on disease control. Specifically,
early diagnosis enables timely disease interventions (including pharma-
cological symptomatic treatments and psychosocial support etc.) that
might slow down the progression of the disease, which makes the early
diagnosis of AD a research priority [3-5].

Considerable evidence has suggested that gray matter atrophy (as re-
vealed via the use of structural MRI) is one of the core biomarkers of AD
pathology [see reviews by 6,7]. Furthermore, there is growing interest in
the application of artificial intelligence methods to functional alterations
(as measured by the use of fMRI) [8,9] and the clinical application of the
cerebral amyloid burden through the use of PET [10,11]. Some compe-
titions have demonstrated the effectiveness of structural and functional
changes in AD classification [12-15]. For example, the best performance
has been shown to have an approximate accuracy of 85% with features
based on multimodality images for the Alzheimer’s Disease Prediction Of
Longitudinal Evolution (TADPOLE) Challenge (https://tadpole.grand-
challenge.org/) [13]. However, white matter (WM) impairment has
been neglected as being an important part of the pathological cascade in
AD [6,16-18]. In terms of WM, the most powerful tool is diffusion tensor
imaging (DTI), which is a noninvasive in vivo imaging technique that
can demonstrate structural integrity and delineate white matter degen-
eration in AD through diffusion properties that can identify WM fiber
trends and the degree of damage [18-21]. Furthermore, several previ-
ous studies have indicated that white matter alterations may be useful
for the early diagnosis of AD [22-27]. For example, in the AD versus NC
binary classification task, Dyrba and colleagues (2013) used whole brain
white matter measures as characteristics and SVM and naive Bayes as
classifiers, which achieved an accuracy of approximately 80% through
the use of SVM with pooled cross-validation [23]. Ebadi and colleagues
(2017) used brain structural network graph metrics as characteristics
and SVM as a classifier, with a mean accuracy of ~80% [28]. Dou and
colleagues (2020) explored the classification usability of fiber bundle
features that were extracted via automated fiber quantification (AFQ)
with a mean accuracy of ~78% [17], and the present competition is
the continuation of this study. The prediction of AD via brain diffusion
imaging will provide additional biomarkers and will reveal the mecha-
nisms of the pathology of AD.

It is very important to use large datasets, unified image processing
pipelines, and independent data sets for cross-validation in the search
for biomarkers for AD. Specifically, studies based on small cohorts with
a single site are often unconvincing because of the insufficiency of rep-
resentativeness for the entire population and incredible accuracy that is
caused by possible overfitting (due to the absence of independent ex-
ternal validation). Furthermore, it is difficult to compare the various
studies, due to site differences that are caused by machine manufac-
turers, acquisition parameters, and diverse image processing pipelines.
[29-31]. Consequently, the use of multisite datasets with the same im-

age processing pipeline can not only reduce confusion variance and im-
prove the clinical representation, but can also enable independent site
cross-validation, which is beneficial for reducing overfitting.

Based on the previously mentioned considerations, we conducted
a competition with WM diffusion measurements to search for the best
models for the potential early diagnosis of AD. To reduce the variance
of preprocessing steps, as well as to meet the rapid and convenient re-
quirement for large data sets, we selected the AFQ method to extract
white matter attributes because of its advantages in overcoming the in-
convenience of the hand-drawn region of interest and in automatically
and efficiently detecting detailed information along 18 main fiber bun-
dles [32,33]. This method has been widely used in brain development
and aging [34], as well as for several diseases, including AD [17,27,35-
37]. To test the generalization abilities of the models, we established
one of the largest multisite DTI biobanks (containing 862 individuals,
including 279 NCs, 318 ADs, and 265 MCIs). After quality control, 825
subjects (276 NCs, 294 ADs, and 255 MCIs) were divided into the pub-
lic training set (N=700) and the private testing set (N=125) for model
evaluation. All of the features and the codes of the top ten solutions are
available at GitHub (https://github.com/YongLiuLab/AI4AD_AFQ).

2. Methods
2.1. Dataset and extraction of white matter features

The present dataset combined data from 7 MRI scanners in 4 hos-
pitals in China, which contained a total of 862 individuals (279 NCs,
318 ADs, and 265 MCIs) with DTI images, T1 images, and demographic
and psychological information. Detailed information can be found in
our previous study [17,38,39].

White matter feature extraction was performed through the use
of standard processing procedures. First, DICOM-formed images were
transformed into Nifti-formed images. Subsequently, the dtilnit prepro-
cessing pipeline in the VISTASOFT package (MATLAB toolkit, version
1.0, https://github.com/vistalab/vistasoft) was used to preprocess DTI
images for routine preprocessing steps including an eddy current cor-
rection, head motion correction, rigid-body alignment to the T1 image,
resampling to 2-mm isotropic voxels, skull stripping, and tensor model
fitting with a simple least-squares fit method. Second, we performed an
AFQ pipeline (version 1.2, https://github.com/yeatmanlab/AFQ) to ex-
tract diffusion measurements (FA, MD, RD, and AxD) and morphometric
features (fiber core linearity values, curvature, torsion, and volume) at
multiple locations (100 points) along the trajectory of 18 major tracts,
including the bilateral corticospinal, inferior fronto-occipital fasciculus
(IFOF), inferior longitudinal fasciculus (ILF), superior longitudinal fasci-
culus (SLF), arcuate, cingulum cingulate, uncinate, thalamic radiation,
and minor and major callosum forcep tracts. Specifically, there were
three steps in the AFQ pipeline: fiber tract identification, cleaning, and
quantification. 1), whole-brain fibers were tracked by using the deter-
ministic streamlines tracking algorithm, after which fiber tracts were
segmented based on the waypoint ROI procedure and refined via fiber
tract probability maps. 2), the abnormal fibers that were longer or de-
viated far from the core of the fiber tract were iteratively cleaned. 3),
each fiber was resampled to 100 equally spaced nodes between the two
ROIs, and diffusion properties were calculated at each node of each fiber
[33].

However, due to complicated factors such as heterogeneity and im-
age quality, the AFQ method could not guarantee that all 18 fiber bun-
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Fig. 1. Demographic statistics (diagnosis class, gender, age, and sites) distributions. (A) Diagnosis and gender ratio on the training set (N=700) and the private
testing set (N=125). (B) Age distribution on the two datasets. (C). Site distribution on the two datasets. All of the statistical distributions were matched in the public
training set and the private testing set; therefore, only the site distribution of the public dataset is shown in (C).

dles could be tracked for every subject, and we had to balance feature
quality (fiber recognition rate) and the number of subjects. Our results
showed that the associated number of subjects was 502, 703, 779, 807,
and 825 when the threshold at the fiber number was 18, 17, 16, 15, and
14, respectively. Hence, only the subjects with more than 14 identified
fiber bundles were retained, which ensured both a high fiber recognition
rate (14/18=78%) and the large size of the dataset (N=825, consisting
of 276 NCs, 294 ADs, and 255 MCIs). The WM feature dimension of each
subject was 14,400 (18 fibers x 100 points X 8 metrics).

2.2. Classification competition

The competition aimed to evaluate and develop an analysis frame-
work for the optimal performance of AD binary classification (AD vs NC)
by using diffusion measurements along 18 major white matter tracts that
were extracted via AFQ. We also encouraged the challengers to explore
triclassification (AD, MCI, and NC).

We launched public training data and invited scientists to submit so-
lutions to predict AD. Briefly, to ensure the matching category and site
proportion in the public training set and in the private testing set, we
listed all of the data according to the sequence of the diagnosis type
within sites. Subsequently, a uniform sampling method was used for
each site, 125 individuals were selected for the private testing set, and
the remaining samples were selected for the public training set. The
public training dataset (containing WM features, age, gender, diagno-
sis class, and site tag) was provided to the participants (available on a
website), and the private testing dataset was unavailable to the partici-
pants (the challengers will never be able to obtain the diagnosis label)
to blindly evaluate all of the models at the end of the competition. The
distribution of the demographic statistics and sites in the public training
set and in the private testing set is shown in Fig. 1.

Each team had 48 hours to submit up to 5 different solutions for the
final evaluation, and the top ten solutions were awarded money prizes.

All of the solutions were ranked according to the order of accuracy, F1
score, and area under the receiver operating characteristic curve (ROC)
curve (AUC) [40,41].

3. Results

The competition was conducted for three weeks and attracted 77 reg-
istered teams that originated from more than 40 universities/institutes
in China, the United States, and the United Kingdom. In total, 48 teams
completed the challenge, and 130 solutions were submitted for evalua-
tion.

3.1. The performance of AD prediction with white matter features

Overall, as shown in Fig. 2A, more than 50% of the solutions per-
formed well in the AD and NC binary classifications, achieving a me-
dian accuracy of over 74.12%, a F1 score of over 0.73, and a AUC of
over 0.83, although some solutions failed the prediction (with accura-
cies of under 50%). Table 1 lists the performances of the top ten so-
lutions that exhibited excellent discrimination jobs, which obtained an
average accuracy of 80.47% (F1 score=0.80, sensitivity=80.91%, and
specificity=80.00%), and an average AUC of 0.87 (ranging from 0.81 to
0.89). The best solution achieved a prediction accuracy of 82.35% (with
a sensitivity of 86.36% and a specificity of 78.05%). The ROC curves of
the top ten models are shown in Fig. 2C.

In addition, 58 solutions of triclassification (AD, MCI, and NC) from
27 teams were submitted. The discrimination ability achieved anaccu-
racy of 46.46% (ranging from 21.60% to 55.20%), a macroaverage F1-
score of 0.44, and a macroaverage AUC of 0.64 (ranging from 0.41 to
0.74). The best solution obtained an accuracy of 55.20%, a macroaver-
age Fl-score of 0.54, and a macroaverage AUC of 0.73. This result is
comparable with previous triclassification studies [17,42].
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Fig. 2. Performances of the submitted models. The performances of all of the solutions on the locked private test set, including accuracy, F1 score, AUC, sensitivity,
and specificity, are shown in (A). The pie chart in (B) displays the usage ratios of the different types of models, among which SVM was most frequently selected.
The scattergram in (B) plots the accuracy of the models on the locked private testing set, thus showing that XGBoost, SVM, and logical regression performed better.
(C) ROC curves for the top ten models. (D) The accuracy distribution on the public training set and locked private testing set are shown in this figure. The models
marked with red dots obtained far higher accuracies on the training set than on the testing set, thus illustrating a severe overfitting problem. The top ten models

marked with black dots predicted well on both the training set and testing set.

Abbreviations for (A): ACC - accuracy, SEN - sensitivity, SPE — specificity. Abbreviations for (B): XGB — XGBoost, LR — logistic regression, M-C — multiclassifier
integration, DL — deep learning, Per — perceptron, RF — random forest, O — others. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

Table 1
Performance of the top ten models.

Rank Accuracy  Flscore  Sensitivity — Specificity =~ AUC
1 82.35% 0.81 86.36% 78.05% 0.88
2 81.18% 0.82 75.00% 87.80% 0.88
3 81.18% 0.81 79.55% 82.93% 0.87
4 81.18% 0.80 81.82% 80.49% 0.88
5 81.18% 0.80 84.09% 78.05% 0.86
6 80.00% 0.79 81.82% 78.05% 0.87
7 80.00% 0.78 84.09% 75.61% 0.81
8 80.00% 0.78 86.36% 73.17% 0.89
9 78.82% 0.80 72.73% 85.37% 0.88
10 78.82% 0.79 77.27% 80.49% 0.85
Average  80.47% 0.80 80.91% 80.00% 0.87

3.2. The generalization ability of the models

From a general view, the performance on the public training dataset
(average accuracy=85.30%) was significantly higher than that on the
private testing set (average accuracy=70.28%), but both were fairly pre-
dictable, as shown in Fig. 2D. As displayed by the red points, some meth-
ods performed well on the public training dataset (with an accuracy of
over 95%) but poorly on the private testing set (accuracy of less than
60%), thus indicating a serious overfitting problem. Some models per-
formed stably on both the public training dataset and the private testing
set (with an accuracy of approximately 80%), such as the top ten mod-
els (marked with black dots in Fig. 2D), which demonstrated credible
generalization abilities.

3.3. Experience from the competing solutions

A total of 130 solutions were received during the competition. Ac-
cording to the model descriptions that were provided by the partici-
pants, 86 (66%) of the solutions used feature reduction and feature
selection, and 40 (30%) of the solutions used the ensemble learning
method.

When concerning feature engineering, the commonly used feature
selection and reduction algorithms included the F-score, principal com-
ponent analysis, max-relevance and min-redundancy method, and sta-
tistical methods (t-test or Pearson correlation). A few teams employed
some advanced feature representations that were derived from encoding
the original features. In terms of the classification models, the widely
used classifiers included SVM (32.31%), logistic regression (11.54%),
and XGBoost (7.69%) (Fig. 2B), which could achieve relatively good per-
formance when combined with feature dimensionality reduction. Deep
learning models, such as CNN and autoencoder (a total of 15.38%), were
also selected but did not perform as excellent as was expected, with the
best accuracy of only 77.65%. Some teams adopted ensemble learning
to integrate the results of multiple classifiers, but it did not demonstrate
obvious advantages, even though only 2 models achieved a ranking in
the top ten.

The top 10 solutions were not special, except in regards to the com-
bination of feature engineering and machine learning models, including
SVM, logistic regression, and XGBoost. These were also conducted in
other solutions with relatively poor performance, thus indicating that
the selection of hyperparameters is possibly one of the most significant
techniques that is affected by the division of the training set and the
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validation set, as well as by the optimization method and selection bias
[43].

4. Discussion

Based on one of the largest multisite DTI biobanks, a set of classi-
fication methods were collected by the competition. The classification
performance between AD and NC of the obtained WM properties via
the AFQ method achieved the highest accuracy of 82.35% on the pri-
vate testing set, thus demonstrating that DTI is a powerful tool for the
early detection of AD.

Our results for the challenge are robust with high generalizability
because of the evaluation strategy on the private testing set that is both
unavailable to the competitor and independent of the training process,
thus avoiding uncertain factors that can arise due to overfitting [44],
circular analysis [45], or the degrees of freedom of researchers [46,47].
A small sample size is insufficient for independent replication and re-
analysis, and intercenter circular pooling cross-validation cannot pre-
vent overfitting on the reused training sets [44,48]. More importantly,
the adjustment of the training strategy (according to the performance
of the pooled-out testing subjects) can frequently also lead to overfit-
ting [44]. In both cases, the classifiers may be unable to generalize to
additional data sets, and the results are often difficult to be replicated
[31,49,50]. In contrast, blind evaluations can provide a relatively ob-
jective and credible performance, as well as select highly generalized
models [31,51]. We believe that the present challenge has a good gen-
eralization power, and we theorize that a larger training set and addi-
tional independent cohorts may be able to boost classification, as well
as the generalization performance.

The bias between the performance of the submitted models in the
competition reinforces the fact that we must pay more attention to
model selection and parameter adjustment. For overfitting models (the
red points displayed in Fig. 2D) that performed well on the public
training dataset while performed poorly on the private testing set, the
possible reason is that the models were so complex that they cap-
tured residual variation or noise as important features, thus decreas-
ing the overall generalizability [52]. Several teams with lower accu-
racies adopted similar (or even the same) classifiers as the top 10 so-
lutions, but they did not work well, which partially indicates the im-
portance of tuning parameters, which need to be treated with caution
to avoid both underfitting and overfitting through appropriate cross-
validation and evaluation strategies [44,48]. Deep learning models have
been widely used in the computer-aided diagnosis of AD, due to their
ability to learn suitable features and robustness [41,53-55]. The rea-
sons for the unexpected mediocre performance of deep learning meth-
ods can be complicated. One possible reason may be that the challengers
did not use it correctly. Another reason is that, although deep learn-
ing models tend to fit the large sample size data well, this do not indi-
cate that they can perform and generalize well in a small sample size.
However, there is no need to doubt the effectiveness of deep learning
methods in neuroscience because they have been verified by numer-
ous studies [56-59]. Thus, we aim to recruit more labs to join us in
searching for more independent cohorts and more solutions for the early
detection of AD.

4.1. Limitations, caveats, and future directions

We found conclusive evidence that WM fiber measures based on DTI
can be used in the early diagnosis of AD. However, there are still some
limitations and additional considerations that need to be overcome and
achieved, such as post hoc analyses, data quantity and quality enhance-
ments, as well as better algorithm explorations, which are of great sig-
nificance for understanding white matter as being a biomarker in AD.

First, we only presented the main results of the competition without
adequate interpretation, and a post hoc analysis for model explanation
and pathological significance is not yet finished. Given the end-to-end
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machine learning design, these classifiers often appear to be black boxes
that are difficult to interpret for disease severity-associated clinical sit-
uations. A post hoc detailed analysis based on the top models is one
possible way to understand model results and disease-related patholog-
ical mechanisms, including the relationship between model output and
the cognitive ability score, as well as the degradation patterns of fiber
bundles in AD.

Second, the current dataset is far from sufficient, and a larger mul-
timodality multisite dataset is under preparation. The identification of
pathological heterogeneity in AD is challenging, and previous results
remain inconclusive [60,61]. Hence, the dataset has to be further ex-
panded for the competition to more thoroughly introduce MRI features
into the early diagnosis of AD. Furthermore, we need more samples
from more sites with high-quality images to enhance the power of cross-
validation to improve the generalization performance of the models,
which is of great significance to the progression of the results from pure
laboratory research to clinical application. In addition, diverse types
of radiological features are required to more sufficiently describe the
characteristics of AD. For DTI, more WM features, such as FA, MD of
the whole brain, and morphological features of fiber bundles, can be
used to more comprehensively express the characteristics of white mat-
ter [16,21,62,63]. Additionally, the use of multimodality data that com-
bines structural and functional features is a mainstream trend to facil-
itate not only a better understanding of pathology but also the precise
identification of early AD [38,64].

Finally, better algorithms are strongly expected. Our data are charac-
terized by typically high dimensions and low sample sizes, which could
not be effectively overcome via traditional feature selection and reduc-
tion, thus resulting in the need for more specific algorithms that can
adapt to this type of characteristic or that can directly deal with the
original features with good performance [65,66]. In addition, it is still
inevitable and difficult to deal with the heterogeneity in data from mul-
tiple sites that arise from complicated factors, which causes the inap-
propriateness of directly mixing data for analysis [67-69]. In this com-
petition, some participants entered the site tags into the classifiers as
a feature, but this strategy is not applicable for unknown sites. There
are many harmonization methods for DTI images [50,70,71], and it
has been proven that the adoption of harmonization methods can par-
tially reduce the sites’ effects while also maintaining biological content
[69,72,73], which may be beneficial for AD classification and may be
worth further explorations, based on our dataset.

The identification of the details of the methods and algorithm codes
is valuable for reproducibility and expansibility. To benefit community
efforts, we hereby make the data and codes of the top-ranked mod-
els openly available (https://github.com/YongLiuLab) and expect new
models for the accurate diagnosis of AD.

In summary, the ultimate purpose of conducting and improving this
competition is to evaluate the generalization performance of classifica-
tion methods to promote the progression of laboratory research to clin-
ical practice. For the present challenge, we focused on AD diagnosis,
but the classification of multiple mental illnesses would be more valu-
able for clinical applications in the future, thus providing benefits for
both the revelation of pathology differences between diseases and for
improving the accuracy of a precise diagnosis. Due to the challenges
of large multiple disease datasets and complicated classification mod-
els, this large research area needs to be further explored. For example,
Sabuncu and colleagues (2015) performed a simple binary classifica-
tion (patients versus healthy people) based on six sMRI datasets, includ-
ing AD, schizophrenia, autism, attention deficit, and hyperactivity dis-
order [74]. Some studies have explored the classification performance
between similar diseases, such as schizophrenia, bipolar disorder, and
borderline personality disorder [75,76]. To date, some mature multi-
disease datasets, such as ENIGMA, and single-disease datasets (such as
ADNI, ABIDE, and OASIS, among others) have been released, which can
be conveniently and rapidly used for future relevant multiple mental
illness studies.
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5. Conclusion

In conclusion, we successfully built a multisite DTI image platform
and verified the feasibility of white matter measurements for AD diag-
nosis through a competition. The data set and portions of the codes are
available as open sources. The project we present in this study would
benefit from having more researchers involved for sharing data or ma-
chine learning models, as well as for framing biomarker extraction as
an open, international challenge to predict AD with the largest avail-
able DTI dataset biobank.
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