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Science is ultimately about measurement and modeling


Here we will ask:


what is a “model”, and what makes one model “better” than 
another?




What is a model?

A simplified description of a system of interest


"all models are wrong, but some are useful” - G.E.P. Box



Models simplify the world for us



what we 

actually

observe


(the data)

what we 

expect to

observe


(our prediction)

based on known


features x

difference 

between expected


and observed

(error)

The basic statistical model

y = f(x) + ✏
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Our goal is to learn f(x) - that is, to 
approximate the function best relates X and Y


How do we decide which possible f(x) is 
“best”?



Two aspects of a statistical model 

- The structure of f(x, 𝜃)

- A description of the process by which X leads to y

- We generally determine this a priori or through model 

search/comparison

- The particular parameter values 𝜃


- We learn these from data through optimization

y = f(x, ✓) + ✏
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known

features

estimated 
parameters



Quantifying error in modeling

y = f(x, ✓) + ✏
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How can we summarize the error in a single value?



Loss function

The loss quantifies how well our model fits the data 

(subject to whatever constraints we want to place on it)


commonly used loss functions:
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mean absolute error =

PN
i |yi � ŷi|

N

<latexit sha1_base64="KcEQJ/XaoKqiT16TQ1I4Rnc4Tu4="></latexit>

mean squared error =

PN
i (yi � ŷi)2

N

We use optimization to find the parameter values 𝜃 that 
minimize our loss function 



Sources of error in modeling

Error can arise from:

• incorrect structure for f(x, θ)

• measurement error

• bias in the estimates of θ

High error:

model is correct


noise is high
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true : y = x ⇤ �
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High error:

model is wrong


noise is low
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model : y = x ⇤ �

low error:

model is correct


noise is low



Low error on original sample

RMSE=17

RMSE=8.3

Low error on new sample
RMSE=27

RMSE=35

• A more complex model will always fit the data better

• The model increasing “overfits” the random noise in the data as it 

becomes more complex

• The model whose parameters match the true population structure should 

provide the best prediction to new samples from the same population

• How can we determine that?

What makes a model “good”?



Cross Validation

“Cross-validation is a model validation technique for 
assessing how the results of a statistical analysis will 

generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)



Cross Validation
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Procedure:

    1) estimate model params on training data

  2) evaluate performance on testing data

“Cross-validation is a model validation technique for 
assessing how the results of a statistical analysis will 

generalize to an independent data set.”



https://www.dummies.com/programming/big-data/data-science/resorting-cross-validation-machine-learning/

test

error



Cross Validation

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:

    1) estimate model params on training data

  2) evaluate performance on testing data

Q: Why are we doing this? 

“Cross-validation is a model validation technique for 
assessing how the results of a statistical analysis will 

generalize to an independent data set.”



Cross Validation

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:

    1) estimate model params on training data

  2) evaluate performance on testing data

Q: Why are we doing this? 
A: To prevent overfitting (fooling ourselves) 

“Cross-validation is a model validation technique for 
assessing how the results of a statistical analysis will 

generalize to an independent data set.”



Noise in model fitting

- The fit of any model includes contributions from the true 
underlying signal as well as from measurement noise



“Since any assessment of retrospective fit "uses the data twice", it is 
obvious that it gives too optimistic a picture of the validation fit likely to 
be obtained on new data.”



• “It can scarcely be denied that the supreme 
goal of all theory is to make the irreducible 
basic elements as simple and as few as 
possible without having to surrender the 
adequate representation of a single datum of 
experience.”

• Albert Einstein, 1933


• Paraphrased as “everything should be as 
simple as it can be, but not simpler”

The principle of parsimony



Poldrack et al., 2020, https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7250718/

Data generated from

quadratic model

Error estimated using 
cross-validation 

Test error is minimized for true model order (2) for 
both CV and new sample

Selecting models using cross-validation



Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results
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Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results

2. k-fold: partition data into k equal-sized subsets; train on all 
but on subset; test on held-out slice; average results 

3. random subsampling (aka Shuffle-split):  randomly choose 
training subset and non-overlapping testing subset; average 
results over many random choices



Ensuring that cross validation works properly

test data cannot be used in any part of the analysis 
prior to assessment of test accuracy
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ABSTRACT

BACKGROUND AND PURPOSE: MCI was recently subdivided into sd-aMCI, sd-fMCI, and md-aMCI. The current investigation aimed to
discriminate between MCI subtypes by using DTI.

MATERIALS AND METHODS: Sixty-six prospective participants were included: 18 with sd-aMCI, 13 with sd-fMCI, and 35 with md-aMCI.
Statistics included group comparisons using TBSS and individual classification using SVMs.

RESULTS: The group-level analysis revealed a decrease in FA inmd-aMCI versus sd-aMCI in an extensive bilateral, right-dominant network,
and a more pronounced reduction of FA in md-aMCI compared with sd-fMCI in right inferior fronto-occipital fasciculus and inferior
longitudinal fasciculus. The comparison between sd-fMCI and sd-aMCI, as well as the analysis of the other diffusion parameters, yielded no
significant group differences. The individual-level SVM analysis provided discrimination between theMCI subtypeswith accuracies around
97%. The major limitation is the relatively small number of cases of MCI.

CONCLUSIONS: Our data show that, at the group level, the md-aMCI subgroup has the most pronounced damage in white matter
integrity. Individually, SVM analysis of white matter FA provided highly accurate classification of MCI subtypes.

ABBREVIATIONS: AD ! Alzheimer disease; aMCI ! amnestic MCI; FA ! fractional anisotropy; MCI ! mild cognitive impairment; md-aMCI ! multiple domains
MCI; sd-aMCI! single domain amnestic MCI; sd-fMCI! single domain frontal MCI; SVM! support vector machine; TBSS! tract-based spatial statistics

Although there are currently no proven disease-modifying
treatments for AD, several promising candidates have been

evaluated to date.1,2 However, recent studies pointed to their lim-
ited performance in patients with clinically overt dementia.3,4 To
date, the identification of patients at high risk for rapid cognitive
decline is considered a prerequisite for future curative strategies in
AD.

MCI represents a transition zone between normal aging and
very early dementia, characterized by selective memory deficits
associated, or not, with other cognitive dysfunctions.5 It was orig-

inally conceived as a functionally nondisabling amnestic disorder
that was later expanded to include essentially any form of cogni-
tive complaints.6 Based on the patterns of neuropsychologic def-
icits, MCI was recently subdivided into sd-aMCI with isolated
memory impairment; sd-fMCI, characterized by early deficits
confined to executive functions; and md-aMCI, which displays
widespread cognitive dysfunctions that affect memory and also
language, attention, and/or visuospatial abilities. For instance,
md-aMCI is thought to progress to clinically overt AD with an
annual rate of 10%–15%,6,7 whereas the other subgroups of MCI
may remain stable or evolve to other forms of dementia.8

Structural MR imaging was initially used to differentiate pa-
tients with MCI from healthy controls in cross-sectional studies.
Most earlier MR neuroimaging studies focused on the investiga-
tion of gray matter using voxel-based morphometry9 in MCI.10-15

A series of voxel-based morphometric studies revealed volume
differences between patients with MCI and controls mainly dis-
tributed within the precuneus and cingulate gyrus.16 More re-
cently, several contributions on various neurodegenerative dis-
eases reported that the changes in WM microstructure assessed
with DTI may be a more sensitive parameter compared with gray
matter data17-21 for detecting mild structural changes occurring at
the early stages of the degenerative process. Applying DTI analyses
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decline is considered a prerequisite for future curative strategies in
AD.

MCI represents a transition zone between normal aging and
very early dementia, characterized by selective memory deficits
associated, or not, with other cognitive dysfunctions.5 It was orig-

inally conceived as a functionally nondisabling amnestic disorder
that was later expanded to include essentially any form of cogni-
tive complaints.6 Based on the patterns of neuropsychologic def-
icits, MCI was recently subdivided into sd-aMCI with isolated
memory impairment; sd-fMCI, characterized by early deficits
confined to executive functions; and md-aMCI, which displays
widespread cognitive dysfunctions that affect memory and also
language, attention, and/or visuospatial abilities. For instance,
md-aMCI is thought to progress to clinically overt AD with an
annual rate of 10%–15%,6,7 whereas the other subgroups of MCI
may remain stable or evolve to other forms of dementia.8

Structural MR imaging was initially used to differentiate pa-
tients with MCI from healthy controls in cross-sectional studies.
Most earlier MR neuroimaging studies focused on the investiga-
tion of gray matter using voxel-based morphometry9 in MCI.10-15

A series of voxel-based morphometric studies revealed volume
differences between patients with MCI and controls mainly dis-
tributed within the precuneus and cingulate gyrus.16 More re-
cently, several contributions on various neurodegenerative dis-
eases reported that the changes in WM microstructure assessed
with DTI may be a more sensitive parameter compared with gray
matter data17-21 for detecting mild structural changes occurring at
the early stages of the degenerative process. Applying DTI analyses
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The individual-level SVM analysis provided discrimination 
between the MCI subtypes with accuracies around 97%.

The analysis included 2 steps. In the first step, we 
performed a feature selection. The rationale behind this 
step is that not all voxels discriminate between groups… 
The second step consisted of the “actual” classification 
analyses for each comparison by using the SVM algorithm. 

investigations on the different diffusion parameters in normal
aging, MCI, and AD28,74-77 provided inconsistent data with re-
spect to the regional differences in the distribution of significant
changes in FA, longitudinal diffusivity, radial diffusivity, and
mean diffusivity. For example, in the above mentioned study of
subjects with MCI and AD, FA was more closely related to the
cognitive profile than longitudinal diffusivity or radial diffusiv-
ity.28 In contrast, another study in AD showed stronger differ-
ences in longitudinal diffusivity, radial diffusivity, and mean dif-
fusivity than FA.74 It is likely that the sensitivity of the different
diffusion parameters may vary substantially as a function of the
disease severity. Research using these different diffusion indices is
still at an early stage, as is our understanding of the relevance of
longitudinal diffusivity and radial diffusivity changes in terms of
myelin or axonal damage. FA changes without parallel modifica-
tions in other diffusion parameters as those observed in our cases
of MCI support the idea of group differences at the level of fiber
tract coherence rather than myelin or axonal integrity loss.78 In
clinically overt AD, the predominance of myelin loss is accompa-
nied by concomitant changes in DTI parameters. Finally, walle-
rian degeneration suggested by increased mean diffusivity, with-
out significant changes in FA, may take place only in advanced
stages of the degenerative process.79 Future work is clearly war-
ranted to elucidate the biologic significance of DTI parameter
changes over time in aging, MCI, and AD.

TBSS Analysis
The number of previous DTI studies of MCI subtypes implement-
ing a similar voxelwise TBSS analysis is still limited. Most investi-
gations included only 1 (not further specified) MCI group,23-25 or
only the sd-aMCI subtype,26-29 or a mix of several subtypes, with
the aim of discriminating stable versus progressive MCI.30 Only 3
recent contributions compared DTI patterns in aMCI versus non-
MCI.36,37 In their study of 55 patients with aMCI and 41 patients
with non-MCI, Chua et al36 reported significantly lower FA in the
splenium of corpus callosum and significantly higher mean diffu-
sivity in the left parahippocampal subgyrus in the aMCI com-
pared with the non-MCI group. Zhuang et al37 included 96 pa-
tients with aMCI and 69 patients with non-MCI. Despite the
higher number of cases, the comparison between aMCI versus
non-MCI yielded no significant differences in this investigation.
A possible explanation for this observation might be the hetero-
geneous constitution of the non-MCI group, which included

cases with various neuropsychologic profiles (and presumably
FA-related patterns). Another recent study by O’Dwyer et al31

implemented a very similar analysis approach as did our previous
work in stable versus progressive MCI.30 The use of SVM analysis
of TBSS-preprocessed DTI data provided highly accurate dis-
criminations of patients with MCI versus controls, patients with
aMCI versus patients with non-MCI and controls, as well as pa-
tients with non-MCI versus patients with aMCI and controls. In
contrast to the present study, O’Dwyer et al31 did not specifically
assess the classification between MCI subtypes. Moreover, this
contribution explored only aMCI and non-MCI, while the cur-
rent study uses a more detailed discrimination of MCI into 3
subtypes. Using a careful neuropsychologic characterization, the
present study is the first, to our knowledge, that describes distinct
patterns of WM changes among the 3 MCI subtypes. The wide-
spread involvement of long intrahemispheric connections within
the right hemisphere in md-aMCI compared with sd-aMCI is
expected, as it corresponds to the progressive deterioration of
several cognitive functions other than memory preceding the
conversion to AD. These anatomic observations fit with func-
tional data collected in the same cohort, revealing altered right
hemispheric electrophysiologic patterns during face recognition
in md-aMCI compared with sd-aMCI.80 The more pronounced
damage of inferior fronto-occipital and inferior longitudinal fas-
ciculi in md-aMCI compared with sd-fMCI is in agreement with
the retrogenesis hypothesis in AD that postulates an early involve-
ment of late-myelinating pathways in the initial phases of the
degenerative process.29,31 The comparison between sd-fMCI and
sd-aMCI yielded no significant group differences. There are 2
possible explanations for this result. First, md-aMCI is known to
be a very heterogeneous group that covers not only the linear
evolution of sd-aMCI over time but also several AD pathology-
independent causes of dementia.81 Alternatively, the small num-
ber of cases included in the sd-aMCI group may be not sufficient
to identify subtle MR imaging differences compared with sd-
fMCI. Supporting the idea that sd-fMCI cases form an etiopatho-
genetically distinct group, possibly not evolving to AD, a recent
study by Grambaite et al82 reported increased radial and mean
diffusivities in rostral middle frontal, medial orbitofrontal, caudal
anterior cingulate, posterior cingulate, and retrosplenial cortices
that correlated with attention/executive deficits in these cases.
Further investigations in larger cohorts, including longitudinal
follow-up of the different MCI subtypes, are needed to explore the
biologic substrates of cognitive deficits in sd-fMCI.

SVM Individual Classification Analysis
Neuroimaging research has been dominated for decades by
group-level comparisons, typically of a patient group versus a
control group, with the aim of identifying group-related changes
in brain morphometry. While such group-level studies provide
fascinating insights into disease-related morphometric altera-
tions from a research perspective, these group-level results cannot
be transferred into clinical neuroradiology to identify the early
stages of the dementing process at an individual level. To obtain
individual discrimination between MCI subgroups, we adopted a
complex methodology including a processing chain of TBSS pre-
processing of DTI FA data, feature selection of the most discrim-

Table 4: Individual SVM classification based on DTI FA TBSS
md-aMCI
versus
sd-fMCI

md-aMCI
versus
sd-aMCI

sd-fMCI
versus
sd-aMCI

Number of subjects 34/11 34/15 11/15
Chance rate 0.76 0.69 0.58
SVM analysis
Accuracy 98.40 (5.90) 97.70 (6.61) 99.67 (3.33)
TP rate 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
FP rate 0.06 (0.23) 0.07 (0.20) 0.01 (0.05)
TN rate 0.94 (0.23) 0.94 (0.20) 1.00 (0.05)
FN rate 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Note:—Accuracy, true-positive (TP), false-positive (FP), true-negative (TN), and false-
negative (FN) rates for individual classifications using a SVM classifier. Note that the
accuracy is calculated as average accuracy of 10 repetitions using 10-fold cross-vali-
dation (average and standard deviation).
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sivity, mean diffusivity, and radial diffusivity—yielded no signif-
icant group differences. This is consistent with a recent (2012)
study by Bosch and colleagues,28 indicating that FA more closely
correlates to the cognitive profile than longitudinal diffusivity or

radial diffusivity in patients with MCI and healthy controls. How-
ever, another recent TBSS study assessing the same diffusion pa-
rameters in clinically overt AD cases compared with healthy con-
trols led to the opposite results.74 The few available recent

FIG 1. TBSS analysis between MCI subtypes. md-aMCI compared with sd-aMCI had significantly reduced FA (red to yellow) in a bilateral
right-dominant network including right uncinate fasciculus, forceps minor, and internal capsule, as well as bilateral inferior fronto-occipital
fasciculus, anterior thalamic radiation, superior longitudinal fasciculus, inferior longitudinal fasciculus, and corticospinal tract. md-aMCI com-
pared with sd-fMCI had less pronounced reduction in FA in right inferior fronto-occipital fasciculus and inferior longitudinal fasciculus (blue to
light blue). Axial, sagittal, and coronal sections at the indicated position in Montreal Neurological Institute; standard space coordinates
(radiologic convention with right hemisphere on left-hand side).Gray, mean FA value; green, average skeleton. Threshold-free cluster enhance-
ment–corrected for multiple comparisons at P ! .05. Suprathreshold voxels were enlarged by using TBSS fill (part of FSL) for illustrative
purposes.

Table 3: List of suprathreshold clusters (threshold-free cluster enhancement–corrected at P< .05) for the comparison of MCI
subgroups
Cluster
Index Voxels Z-MAX

Z-MAX X
(mm)

Z-MAX Y
(mm)

Z-MAX Z
(mm)

Z-COG X
(mm)

Z-COG Y
(mm)

Z-COG Z
(mm) Side Anatomic Location

sd-fMCI versus
md-aMCI

1 40 .952 "12 "86 "7 "12.8 "85.2 "4.18 Right Inferior fronto-occipital
fasciculus (occipital)
Inferior longitudinal fasciculus
(occipital)

2 12 .951 "7 "84 "3 "7.17 "83.8 "2.5 Right Inferior fronto-occipital
fasciculus (occipital)
Inferior longitudinal fasciculus
(occipital)

sd-aMCI versus
md-aMCI
1 3409 .973 25 28 0 29.6 4.3 20.3 Right Inferior fronto-occipital

fasciculus (frontal)
Uncinate fasciculus
Anterior thalamic radiation
Internal capsule
Superior longitudinal fasciculus
Corticospinal tract

2 694 .966 "25 "24 24 "32.4 "35.5 13.1 Left Anterior thalamic radiation
Superior longitudinal fasciculus
Corticospinal tract
Inferior fronto-occipital
fasciculus
Inferior longitudinal fasciculus

3 175 .959 15 "8 56 16.4 "7.61 52.9 Right Superior longitudinal fasciculus
4 66 .954 17 47 "9 17.1 48.9 "6.96 Right Forceps minor

Uncinate fasciculus
Anterior thalamic radiation

Note:—Cluster index, number of suprathreshold voxels in cluster, maximum P value, location ofmaximum P value per cluster inMontreal Neurological Institute; standard space
(X, Y, Z), and center of gravity of the cluster in NMI standard space (X, Y, Z).
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An example of “double dipping” in cross-validation



The above-mentioned study presents a questionable use 
of supervised feature selection, which was performed 
on the entire dataset (ie, on both training and test data) 
instead of only on the training set of each partition 
generated during the cross-validation procedure. 


We attempted to discriminate between 30 patients with 
amnesic MCI and 21 with mild AD by using the 
processing pipeline and the same type of data used by 
Haller et al. We repeated the analysis by using either 
incorrect cross-validation (ie, feature selection on the 
entire dataset followed by classification in cross-
validation, as carried out by Haller et al1) or correct 
cross-validation (feature selection within each training 
set of the cross-validation). 


In the former analysis, patients with mild AD were 
classified with 80.0% sensitivity and 96.7% specificity, 
while in the latter analysis, results dropped to 45.3% 
sensitivity and 67.3% specificity. 


Simulation: Feature section

inside vs outside of CV loop

S. Diciotti et al.

An example of “double dipping” in cross-validation



Ensuring that cross validation works properly

test data cannot be used in any part of the analysis 
prior to assessment of test accuracy

cross validation should always encompass the entire 
analysis pipeline




