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ABSTRACT

TReNDS (Translational Research in Neuroimaging
and Data Science)[l]], in literature, is the multiscanner
normative age and assessments prediction with brain func-
tion, structure, and connectivity. Our project goal is to
train a model that would facilitate attribution/mapping of
behavior, health and disorders to regions of the brain by
applying and sharing machine learning models. The model
is used to predict age of the subject with the multi-modal
brain MRI features as input. These multi-modal features
come from three different datasets - one each for function,
structure and connectivity of the brain. Each dataset has
several independent components of it’s own - correlation
of the given data and feature importances helped us in
feature selection.

With feature concatenation of two of the three provided
modalities - SBM (Source-Based Morphometry) and FNC
(Functional Network Connectivity) values, we achieve a
mean absolute error of 7.14 years using Ridge regressor
model. It is an improvement of 5 unit loss in error measure
as compared to the baseline, an MAE of 12.33 years with
nilearn library’s in-built SpaceNetRegressor model.

Index Terms— developmental organization of the
brain, neuroimaging, ResNet, Spatial maps, multimodal
data, ridge regressor

1. INTRODUCTION

The theory of developmental organization of brain is cen-
tered around structural and functional evolution of the
brain. Brain also undergoes expansion and contraction
processes with age. Ascertaining the influence of age on
specific components of the brain is valuable in neuro-
degenerative studies.

But for brain health, taking the plunge from research
to medicinal execution is distinctively difficult as constant
validation of the extreme cases is crucial to proceed for-
ward - a perfect example for a data science screenplay.
This is why the Machine Learning Models come into fore-
ground to analyze the huge data sets, propelling the brain
research forward.

To enable this, TReNDS (Translational Research in
Neuroimaging and Data Science) organization supports
advanced analytic approaches and neuroinformatics tools.
Our project is based on a competition released by TReNDS
on kaggle, the problem statement is ~” To validate the utility
of multimodal features in a normative population of unaf-
fected subjects”. There were 5 target variables presented
in the competition. We chose to predict only ’age’. The
correlation of each dataset and the feature importances
of the choice of our models for that dataset enabled us
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to achieve the prediction improvements. Our optimiza-
tions are pivoted around the mean squared error of the age
prediction to provide the model improvement.

2. RELATED WORK

There has been a lot of research in the area of using ma-
chine learning techniques for neural imaging analysis.
The main problem seems to be dealing with extremely
high dimensional data with relatively low number of data
samples. Generally, neural networks seem to be the pop-
ular choice of model for the analysis of brain image from
sMRI and fMRI scans. The kaggle notebook resources
enabled us to learn the advanced neuroinformatic tools
for data visualizations like nilearn for the fMRI Images.
An Nilearn usage example - “Voxel-Based Morphome-
try on Oasis dataset with Space-Net prior” predicts age
from gray-matter concentration maps from OASIS dataset
using nilearn’s in-built SpaceNet Regressor [2]. We use
the results of this model as the baseline standard for per-
formance evaluation. The model aforementioned demon-
strates a mean absolute error (MAE) of 12.33 years. In [3]],
3D CNN architecture with repeated convolutional, RELU
and pooling layers was used on the brain volume map
image data. The number of feature maps were doubled
after every pooling layer to fully model the dense repre-
sentation of the brain volume.Finally a fully connected
layer was used to predict the biological age of the subject.
The work done on DeepESRNet[4] is quite interesting in
terms of the application. They created an ensemble learn-
ing method of multiple sparse regression models. These
were each trained with regularization parameters and then
the ensemble model was followed by a deep convolutional
network (DeepESRNet:- Deep Ensemble Sparse Regres-
sionNetwork) to make the diagnosis of the Alzheimer’s.

3. DATASET AND FEATURES

The multi-modal datasets that we employ give structural,
spatial and network connectivity information of the brain
for a set of healthy people. The Focus is on modelling the
brain, facilitating attribution and mapping this information
to behavior/health.

The 3 different feature sets that kaggle provided us are
our Inputs.

e SBM Loadings: Source-based morphometry are a
collection of Independent Component Analysis val-
ues obtained from structural MRI scans. Each of the
26 columns corresponds to a different brain region
like Cerebellum, Calcarine, MTG, SMA, frontal,
temporal etc. The values tell us the concentration
of gray-matter, indicative of the “computational
power” available in that region of the brain.



Fig. 1: Spatial Map input of a subject: An overlay of spa-
tial maps, each represented by a unique color on Coronal,
Sagittal and Axial views respectively.

e FNC networks : There are many connections among
independent Spatial maps over time. The FNC fea-
tures values, obtained by fMRI, measure this con-
nectivity pattern information of these independent
maps. Each of the 1379 column values correspond
to correlation between two functional networks (like
ADN - Auditory network and SCN - Subcortical net-
work).

e Spatial Maps : The spatial maps are provided as
53(0) * 52(i) * 63() * 53(k) arrays. A visualiza-
tion of the same is shown in Fig[I] The Dimension
indexed by ‘0’ corresponds to a feature map[S]] and
in combination with

— (i,)) it retrieves side/sagittal view

— (j,k) it retrieves coronal/lateral (top-down)
view

— (i,k) retrieves the axial (front-back) view of the
brain.

We use a combination of the three feature sets provided
by Kaggle in our models.

The competition looks for prediction of age and 4 do-
main variables. For this project, we restrict our target vari-
able to be - ’age’, as the competition has not revealed in-
formation about the domain variables owing to their sen-
sitive nature. As it is difficult to evaluate performance on
data without knowing the physical significance of parame-
ter, we made this decision to only predict age.

Our project emphasizes on building a model that would
help in mapping, over accuracy of prediction results. Un-
derstanding what each dataset offers, analyzing the fea-
tures is the staple element to this. The output variables
prediction accuracy is of little importance here. The com-
bined features of SBM and FNC are 1400. In Fig 2] we
visualize a correlation map of top 25 features as obtained
with Gradient Boosting model on SBM + FNC data inputs.
Based on the correlation of these inputs with target variable
- "age’, predicting age from these features seems plausible.

From the distribution plots of train, validation and test
datasets as shown in Fig[3] we can observe that they are
nearly identical. Ensuring that the data splits come from
same distribution is essential in validating the evaluation
metrics. Based on the distribution of target variable, we
see deficiency of samples in the ranges 0 to 35 and above
65. So, we lay our goal as tracking the prediction to true
value in the age range 35 to 65.
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Fig. 2: Correlation plot of top 25 features obtained from
Gradient Boost model on SBM and FNC data: Note that
these features have decent correlation with the output vari-
able - "age’
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Fig. 3: Distribution of train, validation and test target age

4. METHODS AND MODELS

e Preprocessing : The data distribution of input fea-
tures was plotted and it was observed that the fea-
tures were centered around different mean values.
In order to normalize the data, the min-max scaling
method was adopted to process the SBM loadings
and FNC network data.

e Feature Selection : For the data-sets SBM and
FNC provided, a Random Forest Regressor was
tried for analysis. Simultaneously, the feature im-
portances were plotted from the regressor data and
the experiment was repeated with the dropped fea-
tures. The observation was that the dropping of
features did not help. This is because, these fea-
tures were obtained after the ICA i.e. Independent
Component Analysis. This method produces statisti-
cally independent features for the observed data and
therefore, dropping the features, will not necessarily
remove redundancy in data.

Ensemble learning methods were majorly used in the anal-
ysis of the first two dataset features viz. SBM loadings
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Fig. 4: Feature importance plots from Random Forest Re-
gressor a) SBM loadings feature importance b) SBM +
FNC feature importance

and FNC data. Ensemble learning method is process of us-
ing multiple decision trees to train and predict on the data
and the results are combined to yield better results than
individual models. The combining can be in two ways:
Bagging(Random Forest) or Boosting(Gradient Boosting).
Some of the models experimented in this project are:

e Random Forest Regressor:  This is a bagging
based ensemble regressor, and hence, the decision
trees are trained on subset of sample data in parallel
and the results are combined. As our data had a non-
uniform distribution with respect to target variables,
this can help eliminate the variations.

e Gradient Boost Regressor: This is boosting based
ensemble regressor where the results from one de-
cision tree are used to train the other decision tree
sequentially and the second tree uses the results of
first tree instead of data. However, this method is
capable of leading to overfitting.

o Ridge Regressor: Normally, for regression meth-
ods we use the linear regression model but that tends
to overfit heavily. Ridge regression is a way to avoid
overfitting by adding regularization to the loss. The
ridge regression model we used has the term o as
hyperparameter to control L2 regularization. L2 reg-
ularization uses sum of the squared magnitude of the
coefficient as the regularizing term.
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This helped in reducing the overfitting that was ob-
served in other models with our data and therefore,
helped yield better results on validation samples.

e Other experimental models: Some other models
that were tried are the SVR model i.e. Support Vec-
tor Regression model that uses kernel functions to
map data from lower to higher dimensions. The two
possiblekernel functions used were Linear and RBF
(Radial Basis Function).

The available datasets were analysed in different ways us-
ing the aforementioned models:

1. Spatial Map dataset analysis using CNN: The

spatial maps as described above are image data of
different networks in the brain. To analyse and
model them, CNN network architecture of ResNet
was used. There were two different flavors of the
architecture: 2D and 3D CNN. Because of the huge
size of data, we could not train more than 32 samples
per batch and therefore, the loss could not improve
much and possibly the model was overfitting. The
2D ResNet architecture was a pretrained model that
was used for transfer learning. The inputs to this
network was 2D slices of data. The 3D to 2D ar-
chitecture shift reduced trainable parameters by 4.5
million.

. FNC Data Analysis : The FNC data features were

analysed using the RandomForestRegressor. All
the 5 target variables were predicted with this. The
same model was trained with dropping less impor-
tant features but that did not yield better results.
This dataset, as such, was difficult to understand and
the model results were not good enough to go ahead
with this dataset further.

. SBM Loading Analysis : The first model tried

was RandomForestRegressor with K-fold cross vali-
dation and then Gradient Boost Regressor was tried.

. Integrated Feature Analysis :- SBM+FNC : Af-

ter processing the features individually, there was an
idea to concatenate the features and train the model.
Therefore, the SBM IC features and the FNC fea-
tures were combined. The first model tried was Gra-
dient Boost Regressor as it provided good results
with the SBM loadings and then the Ridge regres-
sor was tried.

5. EXPERIMENTS AND RESULTS

5.1. Experiments

e For Spatial Map features we implemented 2 model

architectures. With our motivation being an ability
to understand the mapping between the input fea-
tures with target variable, the obvious choice was
to use the spatial map as a whole. A 3D ResNet
architecture which has a fully connected layer at
the end to predict all 5 target variables was im-
plemented. In the image adjacent, we can see the
components of architecture. It has around 15.5 mil-
lion training parameters. The performance of this
was checked up to 30 epochs and the loss did not
improve. This failure in training can be attributed
to use of a model with no pre-trained weights and a
small batch size (Pre-trained weights are not avail-
able for a 3D-architecture of ResNetl8; We could
not increase the batch size due to CUDA memory
limitations). One other observation was that at each
model training trial, only one of the 5 variables was
reasonably predicted. This possibly implies that the



val_mse val_mae test_mse test_mae

alpha_values

0 111842 827348 271765  12.903
10 97.7383 772824 237.049  1213M
15 080082 773994 232035 120313
50 103.007 707339 214867  11.6972

100 109.902 827822 203229 114503
(a) All features

val_mse val_mae test_mse test_mae

alpha_values

0 103159 705196  86.3732  7.43409
10 105.807 8.09686  86.3732  7.48499
15 107.239 817382  86.3732  7.48499
50 115471 856209 863732  T7.43499

100 124535 894056  86.3732  7.43499

(b) Reduced feature set based on feature importance

Fig. 5: Ridge regression using SBM + FNC feature. We
see that alpha = 15 has the least MAE loss for all feature
and alpha = 10 for reduced features.

target variables have highly variant weight sharing
of input features. So just a fully connected layer
cannot characterize it.

Therefore, for the second model we adopted a trans-
fer learning approach and trained a 2D ResNetl8
that only predicts only one variable which is age.
We chose to predict age over other domain variables
due to the reason mentioned earlier that the physi-
cal meaning of those variables is not revealed in the
competition. The inputs to these models are random
2D slice combination of each view with a subset of
5 spatial maps. Therefore, for each sample of data
we get a stack of 5 * 1 * 3 = 15 (#spatial maps *
#slice/view * #views). The 3D to 2D architecture
shift reduced trainable parameters by 4.5 million.
Howeyver, the mean absolute error observed with this
model was quite large 17 (years).

o SBM + FNC feature inputs: For these particular fea-
tures, we chose to use traditional ML models such as
Random Forest, Gradient Boost and Ridge regressor
over Neural Networks. The reason simply being the
insights these traditional models offer in comparison
to neural nets that function as a black-box. The fea-
ture importance of the models is plotted in Methods
and Models section. In particular, the ridge regres-
sor was used by tuning the hyper-parameter aw which
controls the regularization [5a|[5b|

From Fig[6] we see that the prediction values closely
track the true age with an acceptable range. The de-
viation could be a characteristic of the nature of data.
When talking about the developmental organization,
we would describe the development phenomena to
be observed in a subject age band. Therefore an
MAE of 8 years seems acceptable here. Compared

Dataset MSE | MAE
Training | 61.69 | 6.19
Validation | 97.73 | 7.72
Test 79.71 | 7.14

Table 1: Ridge regressor results with SBM + FNC feature
concatenation

to the baseline results as mentioned in Related Work
Section, the results of SpaceNet Regressor model
and the in-built dataset in nilearn library, the results
we achieved seem decent; In the baseline, an MAE
of 12 years was observed, we achieve an MAE of 7
years.
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Fig. 6: Ridge Regressor Results over SMB + FNC data

6. CONCLUSION

After noting the improved performance of a model trained
on SBM + FNC input features concatenated, over individ-
ual models, we expect feature concatenation of all multi-
modal data would yield a better result. The problem also
confirmed the hypothesis in the world of neuro-imaging
that states that there is always a paucity of dataset, despite
the dataset having large number of dimensions. For this,
we have come up with an architecture where a CNN archi-
tecture would be the first stage and process the Spatial Map
(SM) data. At the second stage, along with flattened CNN
layer output, SBM + FNC data would be fed to the model.
Due to time constraints, we could not implement this ar-
chitecture. In comparison to the existing work’s results
of SpaceNet Regressor model and the in-built dataset in
nilearn library, the results we achieved shows an improve-
ment by a 4 unit loss in error measure. In the baseline, an
MAE of 12 years was observed, we achieve an MAE of 7
years which is a 30% gain.



7. INDIVIDUAL CONTRIBUTION

It was a combined effort from all the three of us to finalize
the topic, do the literature survey, understand the Kaggle
competition requirements, understand the data and the fea-
ture set. Then the dataset was split among us to try the
machine learning methods individually. Finally, the re-
sults were discussed and we decided on the final integrated
model for the predictions with the Ridge Regressor.

e Gayathri Ravichandran : FNC dataset analysis with
the various machine learning models and Indepen-
dent Component Analysis

e Shanti Modi: SBM loading feature analysis with
various machine learning models. Understanding
the correlation between independent and regions of
the brain.

e Sushmitha : Spatial map data analysis and the
2D,3D CNN architecture devlopment and under-
standing the results.

8. REPLY TO PEER CRITIQUES
Critiques by group 43

The project partially solves the problem and presents
accurate results with regard to variables like age. The pre-
sentation is clearly presented. Great job! Some improve-
ments:

1. In general, I would suggest making your presenta-
tion independent from your code when it comes to
results and visualizations. The presentation itself,
although informative, did not have visualizations for
places that clearly could have. For example, in lit-
erature survey the group chose to mention the use of
CNN and RNN on neuroimaging instead of just pre-
senting figures from the papers. I think this would
have been a better use of space in the presentation
rather than trying to explain everything with text.

- Report has all the plots in place without the code
dependency

2. Iwould add feature importance maps to the prepro-
cessing & feature selection slide

- Included the importance maps in dataset features and
methods section in the report

3. Models slide can also benefit from block visualiza-
tions, which are very informative as to how your lay-
ers are reducing dimensions

- For space constraints, we couldn’t add those slides
4. Results section table is not filled out, why?
- Itis updated in the report in result section

5. Use a reference standard for your referencing, not
simply the website link

- Itis updated with the reference standard under refer-
ences section

Critiques by group 80

This project shows the importance of neuroimaging in
today’s diagnosis and analysis of diseases. They applied
different models to do features selection and prediction of
Ages and other undisclosed variables using medical data
from FMRI. They solved the problem and presented accu-
rate results. Overall, the presentation is pretty good. Well
done! Some improvements:

- Thank you!

1. Since the other 4 variables except AGE are not dis-
closed due to unknown reasons, why don’t you just
ignore these variables? Or you can try to analyze
what these variables are.

- In the dataset and features section of the report, we
answered this. Quoting from the report - "The com-
petition looks for prediction of age and 4 domain
variables. For this project, we restrict our target vari-
able to be - ’age’, as the competition has not re-
vealed information about the domain variables ow-
ing to their sensitive nature. As it is difficult to eval-
uate performance on data without knowing the phys-
ical significance of parameter, we made this decision
to only predict age.”

2. The spatial maps part is probably unclear to peo-
ple who are not familiar with it. Maybe providing
more information on how to leverage spatial maps
can help us to understand that part.

- Given the space restrictions, we did the best we
could

3. References are supposed to be referenced under for-
mal standard instead of using just links.

- Itis updated with the reference standard under refer-
ences section

4. The dataset part is a little confusing since there
aren’t many visualizations. ~ We went over that
part several times to try understanding what each
model’s functions are. Though the live run of the
codes clarifies each model’s functionality, it took us
some time to figure out the goal of each model.

- Tried to make the report clear.

Critiques by group 52

This presentation explains that neuroimaging is used
extensively for diagnosis and classification of diseases.
They are using three separate models to classify features
of medical data, specifically MRI scans. They use the
scans to try to predict age of the brain being scanned. The
graphs presented look well designed. The introduction of
a random variable to determine what variables were not
useful was very clever. Some Suggested Improvements &
Clarifications:



1.

6.

It seems that your goals are fairly complex. Describ-
ing what your project sets out to accomplish early-
on is extremely important for interpreting what is be-
ing stated in the rest of the presentation. The goals
of your research need to be stated more clearly right
at the beginning; “We seek to use data collected
from X, using Y tools, to help classify factors such
as Z...” I had to watch the intro several times to try
to understand what the goals of the research being
done was.

Tried to make the report as clear as possible

. In the correlation matrix presented, there are many

variables but the labels are unclear, which makes
the graph impossible to interpret. What are “IC’s?”
More descriptive labels could solve this, or you
could describe it while pointing to specific features
in the graph with the mouse. This is explained later
in the video, so perhaps the matrix should be after
that.

Acknowledged

. Describing your dataset, you state that “test predic-

tions were not available,” but you can create your
own test set from the training data that you collected.
Why did you decide not to do that? Using valida-
tion accuracy/loss as a metric is generally consid-
ered bad practice.

Extracted test set from the train data with proper dis-
tribution of test ids. Explained in the dataset features
section.

. The spatial maps are fascinating, I might suggest

making them a little bigger.

Done. Plotted in dataset features section.

. You guys did a great job building 3 models, it may

have been nice to have a visual representation of
each model while you described it.

Video max time restrictions.

1 like your use of a random feature to determine use-
ful features.

Thank you

Your graphs look very nice. I am curious what the
use of predicting someone’s age is? Isn’t that gen-
erally a label that would accompany any medical
data?

This is one of the valid kaggle challenges. Predicting
age is not the aim here - it’s of little practical impor-
tance. It’s used for training the model for feedback
rather than prediction. We explained this in dataset
features.

. You mention that there are 5 target variables, but

what are they? Are all 5 variables related to age?

- We sticked to predicting only age and discarded the
other 4 target variables. We explained this in dataset
features.

9. What is the difference between a 3d CNN and a 2d
CNN architecture? Did you have any intuition going
into the project which would perform better?

- We have answered the why and the reason for our
intuition in experiments section
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