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(57) Abstract: Spectrophotometry device and method for predicting a quantification
of a constituent from a sample to be quantified, comprising the steps of: obtaining
an electromagnetic spectrum from said biological sample; projecting said obtained
spectrum into a sample point of a multiple dimension vector space associated with
feature vectors, herewith a feature space, defined by a predetermined vector basis,
wherein each of said dimensions is a prediction feature; selecting, if existing, a min-
imum of neighbouring sample points from sample points within said feature space,
said sample points having been projected from previously obtained spectra each with
a known constituent quantity, such that said minimum maximises the covariance of
the projected spectrum of said sample to be quantified together with the projected
spectra of the selected neighbouring sample points; predicting the quantification of
the constituent from the sample to be quantified by correlating the known constituent
quantity from the selected neighbouring sample points taking into consideration the
projected spectrum of said sample to be quantified and the projected spectra of said
selected neighbouring sample points.
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DESCRIPTION

SPECTROPHOTOMETRY METHOD AND DEVICE FOR PREDICTING A
QUANTIFICATION OF A CONSTITUENT FROM A SAMPLE

Technical field

[0001] The present disclosure relates to spectrophotometry method and device for

predicting a quantification of a constituent from a sample to be quantified.

Background

[0002] Spectroscopy is an indirect measurement of metabolites, either for their
identification or quantification. Each molecule or atom has a characteristic spectral
fingerprint obtained by absorvance or emission, reflectance, fluorescence,
phosphorescence and Raman scattering; and band intensities are directly proportional

to the specimens concentration.

[0003] In pure substances or in simple mixtures, the spectrum carries little
interference. In these cases, specimens identification is directly applicable by band

matching and intensity is proportional to concentration.

[0004] In more complex mixtures, such as, chemical or pharmaceutical products, the
spectrum signal is the result of band interference of primary absorvance bands and
overtones; resulting into a continuous spectra of overlapping bands. The increased
interference between constituents, turns the possibility of quantification by peak
intensities difficult. In this circumstances, metabolites must be preferably quantified by

their interference pattern (Geladi and Kowalski:1986, Phatak and Jong:1997).

[0005] Moreover, depending on the spectroscopy technology, band resolution and
spectrum convolution is significantly different, and therefore, spectral information is
locally distributed by the recurrent convolution of optical parts, leading in extreme
cases of low quality, to a highly auto-correlated signal. The spectrum carries both
physical and chemical information, as well as, the complex interference pattern

between their constituents. The quantum nature of spectroscopy means the
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information about any pure compound is widespread along different wavelengths at
several scales of intensity. Due to the wave nature of light, superposition of
information results into constructive or destructive interference between the sample
constituents bands. Therefore, the observed variations body fluids is highly non-linear
with local chaotic variations, that cannot simply be modelled by state-of-the-art
chemometrics, machine learning or artificial intelligence methods. In order to avoid
developing a theoretical support for extracting spectral information from non-linear
effects, many chemometritians tried to apply machine learning algorithms such as
artificial neural networks, kernel methods and support vector machines. It was
expected that more complex model structures could capture all the non-linearity and

provide better predictions.
[0006] Previous methods present the following difficulties in spectroscopy modelling.

[0007] Big data spectral variability - Deep ANN and non-linear SVM are complex
function models that fit to all data, That is, a structured monolithic model is produced
for a population of data. Such leads to highly complex architectures, which is not the
best for big data in spectroscopy, due to the local chaotic nature of the signal. Once a
new sample with new local variations is introduced, the model is unable to find the
correct co-variance between spectral bands and composition. Furthermore, if not fed
with a large amount of data, ANN and SVN are extremely exposed to significant bias in
their predictions. These methods became only interesting when the feature space is

almost totally represented; which is hard, as biological variability is extremely vast.

[0008] Re-training computational cost - As ANN and SVM are global methods, once a
new set of outliers are identified, the complex model structure must be re-optimized.
Once this is made with large databases, significant computing resources must be used

to re-compute model structure (Huangetal:2015).

[0009] Qutliers detection - The complex structure of ANN and SVN makes difficult to
determine “a priori' if a new spectra is an outlier. As there is no apparent law from
which to draw conclusions about the predictability of any new result, knowing if a

spectra measurement is an outlier is difficult. This is specially critical in medical,
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veterinary or even hazardous industrial processes where substances accurate

guantification is paramount and prediction failure has disastrous consequences.

[0010] Therefore, information processing technologies that take into account the
systematic variation of optics and spectroscopy are more likely to solve the problem
without the need of high computational cost. For instance, local calibration
approaches were developed to breakdown the global spectral variance into
characteristic groups where variations are systematic (Ramirez-Lopesetal:2013). In
many cases, local approaches outperform ANN and SVM (Solomatineetal:2008).
Techniques such as locally weighted partial least squares (LW-PLS) (Naesetal:1990,
ChristyandDyer:2006), LOCAL (Shenketal:1997), locally biased regression
(FearnandDavies:2003) and CARNAC (DaviesandFearn:2006) and local PLS modeling

approaches (Gogeetal:2012) provided complexity reduction and stable calibrations.

[0011] One of the latest developments is the method 'spectral based learner' (SBL)
used to model big data of NIR soil composition (Ramirez-Lopezetal:2013). SBL is based
on a knowledgebase constructed using optimized principal components (oPC)
(Ramirez-Lopezetal:2013), where the local calibration is obtained by using the oPC's
dimensional distance neighbors (e.g. determined for instance by k-nearest neighbors
or other distance metrics), determined by similarity in chemical composition, using the
root square mean difference (RSMD) of composition (Ramirez-Lopezetal:2013). Local
sample selection is solely based on the effects of major components, that is,
substances that influence the spectral fingerprint with lower frequency or signal
baseline. SBL will always struggle to quantify lower concentrations, where the

information is present in small scales of variation of the spectrum.

[0012] The present state-of-the-art approaches are unable to technically solve the
complexity of spectrum quantification and provide the necessary accuracy and
precision (bias and variance) to be used in critical applications, such as, medicine.
Correct medical decisions can only be supported by analytical grade data. The present
disclosure presents a method and device intended to overcome the mentioned
technical problems and the current technical difficulties of artificial intelligence and

pattern recognition in spectroscopy, to provide accurate quantification and
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classification of spectral samples under complex variability and multi-scale

interference.

General Description

[0013] This disclosure relates to a big data self-learning artificial intelligence method
and device for the accurate quantification of metabolites classification of health
conditions from spectral information, where complex biological variability and multi-
scale spectral interference is present. In particular, this disclosure allows the
breakdown of highly complex biological spectral signals into high dimensional feature
space where local features of each sub-space are accurately correlated with both a
specific metabolite concentration or categorical condition. Such is achieved by a self-
learning method, that requires no human intervention. The developed artificial
intelligence is able to establish its own knowledgebase when new data is fed by
performing feature space transformations, searching directions of co-variance and

optimizing local composition-spectral correlations.

[0014] These methods allow to establish knowledge maps of both quantifications and
classifications, that can be cashed for higher computational performance. In particular,
direct search comprises of finding across the feature space data and dimensions that
allow a direct linear correspondence between metabolic composition and spectral
bands variance. Moreover, a similar approach is derived for defining the convex hull
regions of different class of health conditions from body fluid spectra. Such results in

the creation of knowledge maps for both quantification and classification.

[0015] The present disclosure also allows evaluating “a priori' the predictability,
accuracy and precision of new estimates. Furthermore, this disclosure provides a self-
learning approach to de definition of the global feature space using big data, for its
correct characterization under high variability, accurate detection of local anomalies,

as well as, outliers that can contaminate the knowledge base.

[0016] This disclosure is applicable to all regions of the electro-magnetic spectra used

in spectroscopy analysis (x-ray, uv, vis, nir, ir, far-ir and microwaves), or with any other
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type of spectroscopy (absorvance, reflectance, fluorescence, phosphorescence, Raman
scattering) where complex multi-scale interference and biological variability is present.
It further extends to fields of non-destructive, non-invasive spectroscopy applications
in fields such as healthcare, veterinary, biotechnology, pharmaceutical, food and

agriculture.

[0017] It is disclosed a spectrophotometry method for predicting a quantification of a
constituent from a sample to be quantified,
comprising the steps of:
obtaining an electromagnetic spectrum from said biological sample;
projecting said obtained spectrum into a sample point of a multiple dimension
vector space associated with feature vectors, herewith a feature space, defined
by a predetermined vector basis, wherein each of said dimensions is a prediction
feature;
selecting, if existing, a minimum of neighbouring sample points from sample
points within said feature space, said sample points having been projected from
previously obtained spectra each with a known constituent quantity, such that
said minimum maximises the covariance of the projected spectrum of said sample
to be quantified together with the projected spectra of the selected neighbouring
sample points;
predicting the quantification of the constituent from the sample to be quantified
by correlating the known constituent quantity from the selected neighbouring
sample points taking into consideration the projected spectrum of said sample to
be quantified and the projected spectra of said selected neighbouring sample

points.

[0018] An embodiment comprises, for determining the predictability of quantification
of the constituent of the sample to be quantified, by:
calculating a normal distribution of the prediction error of the constituent quantity
from the selected neighbouring sample points;
obtaining a p-value from said calculated normal distribution and from the

projected spectrum of said sample to be quantified;
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using the obtained p-value as the predictability of quantification of the constituent

of the sample to be quantified.

[0019] An embodiment comprises, if the minimum of neighbouring sample points is
not existing, the steps of:
flagging that prediction of the quantification of the constituent from the sample to

be quantified is not possible.

[0020] An embodiment comprises:

placing the obtained spectrum from said biological sample into a quarantine
database;

receiving a measured quantification of the constituent from the sample to be
guantified;

accumulating in said quarantine database a plurality of obtained spectra from
biological samples to be quantified and respective measured quantifications of the
constituent from samples to be quantified;

determining if a subset of the accumulated spectra and measured quantifications
in said quarantine database allows predictability of quantification of the
constituent of the sample to be quantified;

if the subset allows predictability, releasing the subset from the quarantine
database for use in the present spectrophotometry method for predicting a

guantification of a constituent.

[0021] An embodiment comprises, for determining if a subset of the accumulated
spectra and measured quantifications allows predictability of quantification of the
constituent of the sample to be quantified:

on placing the obtained spectrum from a biological sample into the quarantine

database; and

on receiving a measured quantification of the constituent from the sample to be

guantified corresponding to the biological sample;

the steps of:

projecting said obtained spectrum into a sample point of a multiple dimension

vector space associated with feature vectors, herewith a feature space, defined

6



WO 2019/194693 PCT/PT2018/050012

by a predetermined vector basis, wherein each of said dimensions is a prediction
feature;

selecting, from said quarantine database, if existing, a minimum of neighbouring
sample points from sample points within said feature space, said sample points
having been projected from previously obtained spectra each with a known
constituent quantity, such that said minimum maximises the covariance of the
projected spectrum of said sample to be quantified together with the projected
spectra of the selected neighbouring sample points of said quarantine database;
predicting the quantification of the constituent from the sample to be quantified
by correlating the known constituent quantity from the selected neighbouring
sample points from said quarantine database taking into consideration the
projected spectrum of said sample to be quantified and the projected spectra of
said selected neighbouring sample points of said quarantine database;
determining the predictability of quantification of the constituent of the sample to
be quantified;

if the predictability is deemed above a predetermined threshold, releasing the
selected neighbouring sample points from said quarantine database for use in the
present spectrophotometry method for predicting a quantification of a

constituent.

[0022] In an embodiment, said released selected neighbouring sample points

constitute a local model.

[0023] In an embodiment, selecting the minimum of neighbouring sample points from
sample points within said feature space, comprises the steps of:
projecting an obtained spectrum into a sample point of the multiple dimension
vector space, herewith a feature space;
defining a plurality of search directions in said feature space;
defining a plurality of directional search volumes contained within said feature
space, each directional search volume being defined as a region of the feature
space that includes said projected spectrum sample point, that extends along a

search direction by a predetermined search radius distance from said projected
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sample point, and that extends from said search direction by a predetermined
search width distance;

calculating for each search direction a plurality of corresponding prediction
models, wherein each said model is calculated by selecting a dimension subset
from the dimensions of the feature space, said model being calculated using the
projected sample points within the directional search volume corresponding to
the search direction such that covariance is maximised;

selecting the search direction that has the corresponding prediction model that
has a maximum predictability of quantification of the constituent to be quantified;
using the projected sample points within a selected directional search volume
corresponding to the selected search direction as the selected minimum of

neighbouring sample points.

[0024] In an embodiment, each directional search volume is defined as a region of the

feature space that originates from said projected spectrum sample point.

[0025] An embodiment comprises:
minimizing the selected directional search volume by reducing the predetermined
search width distance such that the predictability of quantification of the
constituent to be quantified is maximized by the model calculated by the selected
dimension subset and calculated using the projected sample points within the

directional search volume being minimized.

[0026] In an embodiment, the prediction model of each search direction is calculated
by:
defining a covariance matrix between the feature space and the quantification of
the constituent;
minimizing the number of eigenvectors extracted from the covariance matrix that
minimizes prediction error;
selecting those eigenvectors that correspond to said minimum;
using a multivariate linear prediction model defined by the selected eigenvectors

as the calculated prediction model of each search direction.
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[0027] In an embodiment, the calculated multivariate linear prediction model joined
with the projection defined by the predetermined vector basis provides an interpretive

correlation between an input spectrum and constituent quantification.

[0028] In an embodiment, each said directional search volumes is a multidimensional
box or cylinder defined by a predetermined distance from a line defined by the

respective search direction and the projected spectrum sample point.

[0029] An embodiment comprises:
filtering orthogonally the variation of the quantification of the constituent to be
guantified calculated by the corresponding model of the selected directional
search volume in respect of the projected sample points within the selected

directional search volume.

[0030] An embodiment comprises repeating a selection the minimum of neighbouring
sample points from sample points within said feature space, by the steps of:
defining a plurality of search directions in said feature space;
defining an plurality of directional search volumes contained within said feature
space, each directional search volume being defined as a region of the feature
space that originates from the end of the predetermined search radius distance
along the selected search direction of the previously selected directional search
volume;
calculating for each said search direction a plurality of corresponding prediction
models, wherein each said model is calculated by selecting a dimension subset
from the dimensions of the feature space, said model being calculated using the
projected sample points within said directional search volume corresponding to
the search direction;
selecting said search direction that has the corresponding prediction model that
has a maximum predictability of quantification of the constituent to be quantified;
using the projected sample points within a selected directional search volume
corresponding to said selected search direction as the selected minimum of

neighbouring sample points.
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[0031] An embodiment comprises repeating the steps above until a predetermined
criteria is reached in respect of covariance of the projected spectrum of the sample to
be quantified together with the projected spectra of the selected neighbouring sample

points.

[0032] An embodiment comprises:
repeating the selection the minimum of neighbouring sample points from
projected sample points within said feature space, recursively calculating said
prediction models;
aggregating said calculated prediction models into an aggregated prediction

model, herewith a path model.

[0033] In an embodiment, said path model is cached for subsequent predictions of

constituent quantification without recalculating prediction models.

[0034] In an embodiment, the quantification to be predicted is a logistic function of a

class to be determined from a constituent or constituents from the sample.

[0035] In an embodiment, the predetermined search radius distance, the
predetermined search width distance, and the number of the plurality of search
directions in the feature space is determined using an iterative optimization method,

in particular a simplex algorithm.

[0036] In an embodiment, selecting a minimum of neighbouring sample points from
sample points within said feature space comprises selecting a minimum number of

sample points above a predetermined threshold of covariance.

[0037] In an embodiment, the predetermined vector basis is an orthogonal
information-preserving decomposition into constituent functions or into a matricial
factor decomposition, in particular singular-value decomposition - SVD, wavelets,

Fourier transform, wavelets, or curvelets.

[0038] In an embodiment, the pre-processing of the obtained spectra comprises

deconvolution and/or resolution enhancing of said spectra.

10



WO 2019/194693 PCT/PT2018/050012

[0039] In an embodiment, the sample is biological and the constituent or constituents

are biological metabolites, in particular blood metabolites.

[0040] It is also disclosed a non-transitory storage media including program
instructions for implementing a spectrophotometry method for predicting a
guantification of a constituent from a sample to be quantified, the program
instructions including instructions executable to carry out the method of any of the

disclosed embodiments.

[0041] Itis also disclosed a spectrophotometry device for predicting a quantification of
a constituent from a sample to be quantified, the device comprising an electronic data
processor configured for carrying out the spectrophotometry method of any of the

disclosed embodiments.

[0042] An embodiment comprises a spectrophotometer and non-transitory storage
media including program instructions for implementing said spectrophotometry

method.

Detailed Description

[0043] Obtaining accurate quantifications Y from spectral knowledgebase X using a
projection model Y = f{X} becomes feasible if: i) the co-variance is stable (X'Y); ii) the
variance of the spectral feature space is stable (X™X); iii) the bias-variance of the
predicted Y is low; iv) extracted eigenvectors, projections and coefficients are

statistically coherent and interpretable.

[0044] Globally stable X'Y and X'X across the feature space of big data biological
spectra does not exist. Co-variance direction is non-linear and eigenvectors rotate
across the feature space, depending on local characteristics. Given the unlimited
number of possible observations of X, it becomes unfeasible to quantify a new
unknown spectrum X,ew if the variance of the feature space is non-linear across the

feature space.

11
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[0045] Given such physical constrains, it is disclosed in this disclosure a method
regarding spectral prediction, based on the fact that any unknown spectra X,ew should
be consistent with the feature space at a local sub-space, so that, it can also hold
consistent information in terms of co-variance with compositional data (X'Y). The
prediction of ¥ is now a problem of finding a consistent sub-space of X'X that holds
correspondent information about Y, so that X'Y is consistent with X,e, Vvariation,
producing a stable and reliable prediction. Moreover, only by ensuring that X'X and X'Y
are locally coherent, allows us to know “a priori' if any unknown spectra X,ew can be

predicted based on previous knowledge.

[0046] One can consider that, there is no 'a priori' model to quantify substances for a
given unknown X,ew, as it happens with previous methodologies (PCR, PLS, LS-SVM,
ANN and Deep Learning). It is possible to postulate that for any given Xpew, there will
be a subset of the knowledgebase feature space that will be able to sustain
consistency to predict Y. Therefore, once a new spectra is recorded, the Al must learn
if any subspace in the knowledbase exists that allows to perform a correct prediction

according to improve standards.

[0047] There are significant advantages of using subspace identification in
spectroscopy: i) interpretation of the sub-space becomes feasible due to complexity
reduction; ii) local independence of data representativity (number of data), that is,
predictions became not affected by more data being in the knowledbase; iii) local
multi-scale consistency; iv) interpretation of bands used to perform the quantification;
iv) better control of what bands are used in quantification; v) spectral corrections are
more accurate, as baseline, mie and Rayleigh scattering corrections enhance spectral
bands variation if spectral variance is consistent; vi) feature space transformation (e.g.
kernel, derivates, wavelets) between locally consistent; and vii) adaptability: as
guantification is self-learned, local adaptation will always find the optimal set of
spectra (X) in the knowledbase that provides the best prediction of Y. Sub-space
identification allows the Al to self-learn and became independent from human

supervision during model building.
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[0048] The problem of quantification based on complex spectral information is
empirically explained in Figure 1. Figure 1a shows a collection of spectra, where the
composition is a mixture of the same components in different quantities. The
substances present in the mixture are highly interference between each other, making
impossible to derive directly a peak correlation with concentration to provide a simple
method of quantification. Nevertheless, there are four classes of spectral non-linear
variation, that is, four modes that may provide direct correlation to the composition of
a particular substance. Even under such a simple example, the use of a GLM (e.g. PLS)
would provide the prediction of ¥ with high variance. Moreover, if any mode of
variation has lack of representation, providing a prediction for a new spectra within
this class, will inevitably provide a high biased prediction. Figure 1b shows why
euclidean distances are not a good measure of spectral features nor able to correlate
to composition. All four groups of variation of Figure 1a exhibit completely different
non-linear projections that allow quantification that may not be linearly correlated to
concentration. Spectroscopy quantification in complex mixtures is non-linear search
for co-variation projection of eigenvectors that locally produce minimal bias-variance

of predictions.

[0049] Therefore, in order to provide accurate quantifications for a given Xpew One
must search across the feature space the set of neighbors that allow optimal

projections, as presented in Figure 1d.

[0050] Figure 2a shows that when using clustering techniques, such as, hierarchical
clustering, k-nearest neighbors (KNN) used in the previous art (spectral based learner),
it will always result in sub-optimal projections with bias and possible outliers. Figure 2b
shows the optimal projections for unknown spectra #1 and #3, which are under
different local co-variations, and #2 is an outlier that cannot be predicted by the

knowledge base.

[0051] Herein, it is disclosed a self-learning method and device for spectroscopy big
data. The new method is able to find the coherent eigenvectors of quantification that
sustain a consistent X'X and X'Y. The proposed self-learning does not produces a

monolithic model. For each new data, the system has to learn the coherence of X'X

13
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and X', to project Xnew and estimate Y. Moreover, if both XX and X'Y are locally
coherent, the prediction problem of any X,ew can be estimated 'a priori'. Metrics about
the variance-covariance consistancy allows to infere the local confidence in

predictability.

[0052] Embodiments of the disclosed method comprise the following three major
steps: i) local geometry and sub-space identification - where the local geometry of
spectral information is extracted as a characteristic sub-space with characteristic
eigenvectors that support local quantification/classification; ii) building the
knowledgebase of non-linear feature mapping - process by which applying recursive
local geometry and subspace identification allows to build the artificial intelligence
knowledgebase on non-linear mapping of spectral information; iii) local optimization of
spectral information - process of local refining the quantification or classification by
minimizing the local convex hull volume and prediction error by filtering out non-
related information in both Y and X, or their correspondent feature space

transformation K and F.

[0053] The following pertains to local geometry and sub-space identification. As
presented previously, it is postulated that there is always a local direction clustering of
data that is able to sustain a coherent eigenvector(s) of quantification. This local
cluster represents a local mode of variation within the vast non-linear feature space.
Therefore, let one consider the n-dimensional feature space F, where the coordinates
of the feature space are proportional to linear combinations of spectral features, that
are implicitly, correlated to the sample composition. Let it also be assumed that
discrete finite directions at a local point of the feature space, represent a mode of
variation in the spectra, coherent with a local level of speciemens concentration. Such
enables the possibility of extracting a coherent eigenvector from local co-variance
(X'Y), between spectral X and composition Y. Moreover, highly non-linear feature
space can be locally characterized by a hyper dimensional polytope that has consistent
directions of quantification, that is, all the data contained by its correspondent convex
hull presents a mode where all spectra inside it follow a mode of variation that

guantifies different parameters with low bias-variance.

14
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[0054] Therefore, the local geometry is directly related to composition at this local
subspace, one can find an optimal eigenvector of quantification. The problem of big
data spectral quantification and classification is reduced the search of local geometry
that: i) minimizes the number of directions/dimensions of the polytope; ii) obtains a
principal direction that minimizes bias-variance; and iii) minimizes the convex hull
volume of the selected optimal directional polytope; so that a direct linear model is

applicable to this finite space approximation.

[0055] Figure 3 illustrates the problem in the feature space with a feature space map.
In this example. a 2-dimensional feature space is presented with highly non-linear
variation of different classes that occupy different regions of space. The continuous
line represents a coherent co-variance feature with a specimen concentration, that is,
along this line, is possible to find coherent eigenvectors of local X'Y in order to produce
low error estimates of Y. Furthermore, the line represents a self-learned characteristic
of the feature space. For instance, every new spectra Xpew that is projected into the

vicinity of this line can be directly predicted by the self-learned subspace model.

[0056] The self-learning process focuses in searching the coherent polytopes
subspaces that allow specimens quantification with low bias and variance, being
illustrated by Figure 3, and with pseudo-code of the process present in Algorithm 1
(see also Figure 17a). Let one assume that a new x; is projected into the feature space.
Once projected, the self-learning process has to find nearest neighbors that are within
the direction of variation with x; in relation to Y. Therefore, its necessary to search the
convex hull that provides the correct direction in the feature space for quantification.
Such convex hull must also present a minimal volume and minimal number of
eigenvectors of the local X'Y that predict Y. The following sequence of procedures
describe an embodiment the self-learning process:

Step A. Direction finding

Objective: Find the minimum directions and local sub-space geometry of x;.

1. Initialization: i) define a circle area around x; projection with a radius of search; ii)

define the number of directions; iii) define the dimensions of each direction search.

15



WO 2019/194693 PCT/PT2018/050012

2. Initial search: i) determine the number of optimal eigenvectors and predict the
errors of local models; ii) remove directions that are statistically inconsistent;

3. Prepare new iteration: i) inside the consistent directions, remove the worst
contributions, removing search length or increasing in a particular way; ii) taking into
consideration the extreme vertices' of each convex hull and x, compute the new
directions of search;

4. The search loop: i) determine the number of eigenvectors and prediction error of
the new directions; ii) eliminate the worst directions; iii) re-dimension the search by
eliminating the worst (smaller or larger) length, and increase or decrease the search
length accordingly; iii) loop the previous operations until no statistically significant
direction or dimension change occurs.

5. Output: Minimum number of feasible directions and convex hull volume of each
direction.

Step B. Optimization of the convex hull

Objective: minimize the convex hull volume and prediction error

1. Initialization: Merge the previous output data into an initial cluster that defines the
initial convex hull.

2. Define: i) the outer vertices' of the convex hull; ii) minimum and maximum moving
boundary of the convex hull adaptive geometry.

3. Main loop: i) determine model errors; ii) remove outliers; iii) define the new borders
of the convex hull by using simplex geometric optimization - for each outlier removed,
move the boundary inwards; iv) compute the new convex hull. Do this cycle until no
more outliers are found and model error is stable.

4. Output: optimal convex hull and local model prediction

[0057] At the end of this procedure, one expects to obtain the optimal geometry of
data that is able do predict any new spectra x;.. Mathematical and algorithmic details

are presented in Algorithm 1.

[0058] The following pertains to mapping the feature space - building the
knowledgebase of quantification. Following a similar philosophy, one can recursively

map the self-learning process across all feature space. This mapping constitutes the
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global knowledge base of the big data spectral data feature space. Let it be taken into
consideration all the steps in Algorithm 1 and apply it recursively across the feature
space, following a stepwise sequential protocol as illustrated in Figure 4. The
procedure is as follows:

Objective: Sequentially mapping (4b) the geometry of co-variance in the feature space
(4a).

1. Initialization: i) start at any given point of the feature space; ii) define: search circle
diameter, number of search directions and dimensions of search area;

2. Perform Algorithm 1: define the local linear geometry of the convex hull for the
spectra x;

3. Recursive mapping: select inside the optimized convex hull of x;, a new data point
xi+1 and perform recursively Algorithm 1 until no more directions are feasible to be
extracted to expand the convex hull.

4. Re-sample: Proceed to another uncovered location in the feature space

5. Main loop: repeat operations 3 and 4 until a given ratio of coverage of the feature
space volume is assured

6. Compilation: Compile knowledgebase quantification paths in the feature space map
by registering all model paths to be used as cached models (4c)

7. Output: Compiled mapping of cached models (4c)

[0059] Mathematical and algorithmic details of this procedure are presented in

Algorithm 2. Details of the recursive mapping can also be found in Figure 17b.

[0060] The result of this process is the construction of the feature space gquantification
map in Figure 4c. The map constitutes the self-learning process of the artificial
intelligence method and device. The lines in the map represent coherent path of
model local prediction, that is, when a new spectra X,ew is projected nearby the line
convex hull, will likely follow a similar mode of variation of its neighbors inside the
convex hull and can be predicted based on the data of the local model. The

characterization of the feature space allows to:
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i. Use cashed models to speed-up computing efficiency - if a new spectra is projected
into the convex hull of a previous prediction line, the calculation can be performed
directly with a cashed model, where calculations are direct;

ii. Characterization of typical conditions that lead to different modes of quantification
— many prediction lines provide metabolic information for different types of health
conditions and their evolution;

iii. Determine how well the information is represented across the feature space - only
regions with sufficient data allow to produce correct quantifications and effective
searches;

iv. Provide a map for understanding spectral patterns along time, that is, an
interpretation of spectral pattern recognition for the implementation of precision
medicine;

v. Provide the basis of a higher level artificial intelligence for condition diagnosis using
non-supervised spectral information, allowing the construction of a non-linear

classification map of complex and multi factor health conditions.

[0061] The following pertains to classification mapping. The self-learning artificial
intelligence method for classification has as major objective of finding the class
geometry in the feature space by: i) maximizing the local volume of the class; ii)
minimizing the total volume across the feature space in the case of non-linear classes;
and iii) minimizing the error of class prediction; by delimiting the class boundary with
relevant eigenvector variation. Furthermore, one can expect that many classes can be
highly non-linear and extremely segmented throughout the feature space. Many
classes can also have scattered clusters across the feature space, because other

conditions are dominant of feature space variation.

[0062] Due to the complex classification of health conditions, and as many conditions
are multivariate, the supervised clustering is devised into the following classes: i) single
univariate diagnosis - where the discrimination function is a single parameter interval
or a threshold; ii) exclusive univariate or multivariate diagnosis - where only isolated
cases of each class in the feature space are identified without any overlapping with

other classes; and iii) multivariate/complex diagnosis - where only overlapping of data
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from multiple conditions in the feature space are taken into consideration (see Figure

5).

[0063] The clustering criteria allow to characterize complex health conditions and map
them into the spectral feature space, constituting a classification knowledgebase. The
following procedure was developed to build the classification knowledge map:
Objective: Sequentially mapping the geometry of classes logistic probability co-
variance in the feature space

1. Initialization: a) Define the clustering criteria: a) univariate classes; b) exclusive
classes or c) multivariate classes; and d) each class threshold; b) Provide: supervision
vector s or matrix S

2. Convex Hull determination: i) select the supervised data in the feature space; ii) find
the max and min coordinates of the supervised data in the feature space; iii) select one
of the vertices’; iv) define the size of the directional search box; iv) define the volume
increment criteria of the convex hull (6v).

3. Check cluster individuality: If the min and max cannot hold a coherent class
prediction, clusters are bounded by information that is not common, and need to be
segmented by the minimum global volume criteria, where voptimal = max Ti21" Viocal cluster
+ Min Vgopai; If all clusters are segregated, then min vgigpa > max 1" Viocal cluster; if there
is only one local cluster: Voptimal = Max Zi=1" Viocal cluster;

4. Initial search: i) determine the number of eigenvectors and predict the errors of
classification; ii) remove statistically inconsistent data; iii) if no relevant direction is
found, re-shape the convex hull geometry by moving inwards to a 8v and perform step
4; repeat steps 1 and 2 until it stabilizes.

5. Determine clusters boundary: For each cluster, perform Algorithm 2, where the
supervision vector s or matrix S is the logistic function probability of the cluster class
associated to the corresponding spectra. See Figure 5 how Algorithm 2 is used to find
the cluster predictive convex hulls.

6. Compilation: Compile knowledgebase classification clusters in the feature space
map by registering their convex hulls

7. Output: Compiled mapping of cached clusters
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[0064] Mathematical and algorithmic details of this procedure are presented in

Algorithm 3.

[0065] At the end of this procedure, the complete cluster map of the feature space is
recorded as a classification knowledgebase. The full composite of all types of
classifications for different conditions represent the classification complexity of the
knowledgebase, where interactions between conditions, as well as, their metabolic
causes can be studied. By projecting a new spectra into this classification map, one can
predict the expected probability of a correspondent condition based on the

coordinates of the knowledgebase map.

[0066] The following pertains to the geometry of local variation. Previous sections
explained how the Al of this disclosure is able to provide quantification and
classification by recurring to search algorithms across the feature space using co-
variance eigenvector extraction, providing maps of quantification and classification.

The study of local geometry of variation lies at the heart of the Al disclosure.

[0067] Let it be considered that any collection of spectra X and compositional data Y
can be transformed (e.g. kernel, derivative, Fourier, wavelets, curvelets) into the
feature space F and K, respectively. We must find a basis W and C, so that, the
covariance between local latent variance of F and K, T and U are maximized. The
problem is reduced to the local optimization in the feature space of:

f(w,c) = argmax(t'u)
where: f=tw'; and k=uc'and subjected to: w'w=1 and c'c=1. By applying the Lagrangian
multipliers method to solve the optimization problem, one resumes it to:

K'F = W3C'
which is the singular value decomposition of K'F, where w=W[1,], c=C[1,], with
associated variance £[1,]. One can further conclude that F*KKF* w = A w and K'FF'K ¢ = A
¢. Therefore, w and ¢ are characteristic eigenvectors of Cov(F,K)*> = Cov(KF)?
expressed in the latent space t'u, where w and ¢ spawn a characteristic dimension of

the co-variance geometry.
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[0068] The same kind of derivation is feasible assuming: flw,c) = argmax(t'u) when
t=u, being particularly useful, because, after deflation t becomes a orthogonal. This

assumption, is also the basis of other eigenvector extraction algorithms (Indahl:2014).

[0069] In order to study the geometry of t'u, an ortho-normal basis of eigenvectors w
and c is necessary, so that, for each local F one can derive its local characteristic
dimensions and geometry. Such is achieved by deflation of F and K:

Fiea = Fi - tiwy’

Kie1 = K — uic
where: ti=Fw;, ui=Kic, and wi=wi/| |w;||, c¢=ci/||ci| |. Recurrent deflations until the
maximum rank of F allow to determine the geometry of co-variance and its complexity,
by interpreting t;, w; and their corresponding importance in relation to the captured

covariance Z for each eigenvector (Pelletal:2007, Woldetal:2009).

[0070] When using the approach where t is orthogonal, deflation is performed as
follows:
where p and g are determined by:

Fir = Fi- tip?

Kir = Ki — uig

pi = Fit (t't)™

qi = K'it; (t')"

[0071] From the relation of P and Q, one can derive a direct linear model, such as
K=FByis + e, where:
Bois = W(P'W)™Q

where B is the pls regression coefficients.

[0072] The fact that a complex geometry of T is condensed into a oblique projection
Bois (PhatakandJong:1997), and a GLM is produced, is the cause of PLS inefficiency in
big data, especially if a relative high number of dimensions or components are used
due to a non-linear feature space. Therefore, this strategy implies that the local
structure of K'F has almost only systematic information about Y contained in X, with

almost no random effects at different scales of the spectroscopy signal. Moreover, the
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correct feature space transformation is the one that makes possible to obtain similar
information structures of F'F and K'F, so that ideally:

(K'K -\ ) ve=0

(FF-Mv=0

(K'F - A ) vig = 0
the local optimization problem remains posed as f(w,c) = argmax(t'u) but with the
ideal restriction of information structure being similar (v ~ v ~ vi). In perfect
conditions, spectral information shares collinear eigenvector structure with the
composition, such as it happens with pure compounds or substances with negligible
interference. Thus, providing co-variation maximization in the first component is

paramount.

[0073] A way to provide the Al the interpretation to both t and w, is to make both
pairwise orthogonal. We can orthogonalized t using the pls definition that produces
orthogonal w:

F=TW'; T=USV'

F=USV'W" = US(V'W?Y)

F=T W'

where T, = US and W',=(WV)' (Ergon:2007, Ergon:2009). There is a direct

correspondence to the orthogonal scores Ty, by

To=T(P'W)™
And therefore, the Al has a way to perform pattern analysis in orthogonal T or T, with
corresponding orthogonal W in order to derive the coherence of the local subspace

and models.

[0074] Respecting the following feature space internal relationship:
ti=Tw BT
given by least-squares estimates:

Br= (th Tw})_1 th L

[0075] So that any feature space sample projection into T, follows a coherent linear
interference pattern for the local relevant eigenstructure. Therefore, any given new

data projected into T,,t be contained in the confidence intervals of t; = T, Br.
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[0076] The complexity of a local dataset can be reduced by refining both samples and
variables, as shown in Figure 6. Within the local direction selection of Algorithm 1 one
has to find groups of samples and variables that provide a consistent eigenstructure.
Therefore, a fitness function that translates local stability of co-variance is also
proposed as the optimization procedure, opposed to the simple use of cross-validation
of residuals. The local optimization problem has the following properties: i) blindly
select the number of starting datasets; ii) perform relevant PLS regression for each
dataset; iii) project into the scores space (T=FW); iv) use robust linear regression to
identify eigenstructures inside T (e.g. RANSAC); v) re-do the procedure until a
threshold is achieved. However, the existence of a linear model in the T scores space
means that deflation is modeling systematic variation within all the data used to build

the local linear PLS model.

[0077] The consistency of each covariance direction is determined by cross-validation
(e.g. leave-n-out), where all data points must sustain the local eigenstructure. For any
new unknown data, the prediction is performed as follows:

i) determine the consistency of predictions in selected subspace; ii) low bias-variance
of all training set; iii) low bias-variance of prediction for the unknown data using the
different data in the selected dataset; iv) presence in the linearity of the T
eigenstructure. Moreover, the predictability of any new unknown data can be
obtained by deriving the confidence intervals of the extracted linear eigenstructure in
T, so that a p-value of the prediction is also forecasted. p-Values above pre-defined
thresholds can be considered categorical or unpredictable. The Al has the possibility "a
priori' of knowing if a prediction with the necessary accuracy, because it only uses well

known coherent eigenstructured data to perform predictions.

[0078] To provide the correct local optimization model one must:

i) minimize the residuals and their deflation structure;

ii) maximize the number of samples and minimizing the number of variables within the
same co-variance; iii) ensure coherence inside the T space; and iv) eigenstructure
similarity between F and K. Taking all theses objectives into consideration, we can

express them with the following optimization function as:
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Hpe + Feel pars + i
" Fyars cav{V, W)

F=argmin (PRE‘SS ® {

)

which can be regarded as a 'corrected' PRESS (Predicted Error Sum of Squares), where:

+p-—value

npc is the number of components, n is the number of data, Ngevars is the number of
selected variables of F from a total of variables nyars, cov(V,W) is the covariance of F'F
and K'F eigenvectors, and p-value the probability value of the least squares model in
the T space. At the end of this optimization, optimal local models are obtained. Further

model refinement is performed by orthogonal information filtering.

[0079] The following pertains to coherence of the local sub-space. The coherence of
the local feature space F is ensured by: i) eigenstructure similarity between F and K; ii)
low complexity; and iii) information determinism. F and K have similar eigenstructure
when:

j = argmax (Vi"\Vg)

where: F = UgSeVE' = TV and K = USIVi' = TV

[0080] There is an efficient transformation of X and Y, where F=f(X) and K=f(Y), so that
ideally Tx = Tr. As spectral information is multi-scale, one can propose the following
multi-scale optimization of signal basis (e.g. Fourier, wavelets, curvelets):

F=3i1" )1y
[0081] wherei's are the selected individual signal scales so that V,'V; is maximized.

[0082] Eigenstructure of K'F is preferably of extreme importance. Complexity of F can
be estimated by the distribution of its eigenvalues Z, which define the characteristic
dimensions of the feature space. In spectroscopy signals, one expects Z to decrease
exponentially to a limit value:
Ti= 5 +(31-%)) e™

where Z; is the expected i'th eigenvalue, Z. the residual eigenvalue, Z; the largest
eigenvalue, and k the decay factor. Local complexity of the feature space can be
measured by the following metrics:

C=npc/(k n)
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[0083] When k & +9° implies that C = 0. Such limit is asymptotically approximated
when npc > 1 and n >> npc. When £, > 0, K'F is rank deficient. Randomness of
eigenstructure is obtained by randomization of F, K and K'F (Martinsetal:2007d). Row
randomization allows to determine the limit of sample spectra that determine the
number of eigenvectors that spawn the row vectors; where as, column randomization
determines the limit of eigenvectors that allow variables spawn of column vectors.

Statistical stability of the number of eigenvectors is provided by cross-validation.

[0084] The following pertains to sub-space Information Optimization. Given the
previous procedures, the selected direction of the feature space already provides a
stable linear model. It is further expected, that the minimal number of eigenvectors
are necessary to predict Y. Despite the signal being pre-processed (e.g. baseline,
scattering effects, stray light) and transformed to a better feature space basis, there
will be always systematic interference in the data. Such interferences affect the scores-
loading (t-p) relationship beyond the first component. Therefore, ideally relationships
should be obtained with only one eigenvector. Such is not always feasible, but, one

can greatly simplify model relationships by orthogonal filtering.

[0085] F and K may have systematic information that is not related to each other.
Therefore, one must know how the local information is structured, that it how much
information F and K hold in common, and how much is independent by performing
orthogonal filtering (TryggandWold:2002, TryggandWold:2003, Bylesjoetal:2008).
Figure 7 shows how orthogonal filtering results into lower complex eigenstructure.
Figure 7a to 7c shows how the previous steps optimized the local calibration dataset
using X1, X2 and X3 subsets, greatly reducing the complexity of the linear model to
only three predicting latent variables. Such result still shows that X1, X2 and X3 subsets
have systematic interference and can be subjected to orthogonal filtering, so that:
F=TP“4ToP,'
K=TQ"+U.P,'
where T are scores with common information between F and K that maximize co-

variance, and P, Q the corresponding loadings. T, and U, the orthogonal scores to the
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covariance and P,, Q. the corresponding orthogonal loadings; that is, T, is orthogonal

to K and U, is orthogonal to F (Trygg and Wold:2003).

[0086] By recursive selection of samples and variables, one can maximize TP! (Figure
7c to 7d), where the number of latent variables is minimized to the optimal lower level
near one, that is, no deflation is necessary, and exists a direct correspondence
between F and K. Its expected that the correct feature space transformation leads
ToPo' = 0 and that F=TP"as obtained by regular PLS algorithm:s.

[0087] Similarly, UPo" would be zero. Any quantification with analytical grade quality
should not have any systematic variation, orthogonal to its quantification. When UoP,'
is significant, it means that the Al cannot be properly trained to provide an accurate

prediction, as the original training information suffers of systematic errors. Under the

correct conditions, UoPo" = 0 and TP'>>> ToP,' so that K=Fps.

[0088] If TP, is significant, the feature space transformation was inefficient. In these
cases, prediction is performed by applying the orthogonal filter first, to = fpo/(Po Po),
and fco,,=f—t°p°t, and k=fcorBpis. For completeness, the method is described in Algorithm

5 (see also Figure 17c).

[0089] The following pertains to metrics for sub-space characterization. One of the
main advantage of the proposed approach is the possibility of characterization of the
self-learned knowledgebase by incorporation of maps of local learning metrics, such
as: i) number of data representation; ii) eigenstructure complexity; iii) collinearity
between F and K; iv) predicted sum of squares (PRESS); v) variance of K'F; and vi)
model information structure. Detailed metrics of the knowledgebase are presented in

Table 1.

[0090] By characterizing the feature space, the Al system manages both self-leaning
and prediction by knowing how the different regions of the feature space cover the

guantification and qualification accurately.

[0091] The following pertains to self-learning mechanics. The previous sections
demonstrate the algorithms and algebraic procedures of the self-learning method and

device. Herein, its provided how the procedures are put together into a system that
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auto-implements its self-learning from feed data without human intervention, so that
it can: i) learn autonomously by data feed from zero data to vast quantities of data in
big data spectroscopy data; ii) determine the best multi-scale feature space that best
captures co-variance; iii) predict new unknown data based on the knowledgebase and
how it handles unpredictable data; iv) self-learn building the quantification and
classification maps, and uses them to perform computationally efficient predictions

and learning from new data.

[0092] Biological variability in body-fluids and body tissues is extremely vast. In big
data, one may never determine the meaning of a representative sample to build a
robust knowledgebase to be able to build a monolithic model strategy that copes with
all the possible spectral combinations. Moreover, biological systems evolve, and their
biochemistry is always changing, new cells, new proteins, new metabolites. Therefore,
spectroscopy Al applied to biological systems must always self-learn. The developed
system is able to self-learn from an initial, very limited, knowledgebase, by constantly
adding new data that the system cannot predict. The system begins by computing the
feature space and the initial knowledgebase by using the metrics and methods of the
previous sections. By managing the predictability of each sub-space of the feature
space, the system can sustain if the new acquired data is either predictable or should
enter a learning cycle. If cannot be predicted, data is added to a quarantine database,
that acts as a vault repository of data that either has no neighbors (e.g. in the
beginning, any system will never cover all the feature space) or consistent modeling.
The gathered data in the quarantine database passes only to the knowledgebase once
new gathered data completes the corresponding area of the feature space allowing

the development of a coherent sub-space knowledgebase.

[0093] Figure 8 shows the main mechanics of the self-learning process. Let's consider
that the system is initially fed with a limited number of pair of spectra and
corresponding composition X and Y. As any new X is recorded, it's projected into the
initial feature space map and tested if it belongs to existing knowledbase. If the
projection is within the vicinity of an existing model path, and a direct prediction using

existing cached model, a prediction is formulated. If the prediction is not within the
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the expected quality, and if there exists neighbors that make it possible, a new model
is built by the Algorithm 1, a prediction is performed and the corresponding model and

path obtained by Algorithm 2 are cashed.

[0094] When any new spectra is projected into the feature space and has no
neigbours, its immediately quarantined. The system enters into the learning cycle and
asks the user or system to provide the composition of the sample to be quarantined.
Once it has the pair X and Y, it searches for quarantine neighbors. If it has no
neighbors, the data just stays quarantined. If it has neighbors, the learning process
begins using Algorithms 1 and 2 for searching both local models and build the local co-
variance map. Only when a new data in conjunction with the quarantined data are able
to produce a consistent local model and model path, the data is certified to pass into
the knowledgebase. The knowledgebase receives constant updates as new data is

added, and predictions are extended to new regions of the feature space.

[0095] In this sense, the system: i) never produces predictions that are not within the
knowledgebase; ii) maintains and studies the quarantine database; iii) validates
guarantine data to pass into certified knowledgebase; iv) only uses certified data to
build the knowledgebase and predictions; v) self-learns without human intervention;
vi) independent of the data size, growing the knowledgebase with fed data. Moreover,
this approach does not need large scale databases for starting building the
knowledgebase and performing predictions, such as deep learning neural networks.
The system only uses the certified knowledgebase, and therefore, predictions do not
suffer from bias, as other modeling approaches would, because they need significant
amount of data to produce a globally stable model architecture. Co-variance,
classification maps and cached models make the system very computationally
efficient. The system turns any spectrometer into an operating independent machine
that does not need human intervention to build mathematical models as today's

previous-art systems.

[0096] Finding the correct basis of transformation of X into F and Y into K lies at the
heart of building a comprehensive feature space where local linear models are

extracted as presented in section V. The basic principal for feature space
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transformation is the maximization of the eigenstructure similarity between F and K. If
a base transformation is able to filter systematic variance unrelated between X and Y

and noise, the eigenstructure of F and K became equal.

[0097] Figure 9 shows how the feature space transformation is performed. Any
spectroscopy signal is decomposed into a orthonormal basis (e.g. Fourier, wavelets,
curvelets). These basis provide an independent basis to re-construct scales of the
signal based on the basis properties. If present, the information about any metabolite
is scattered across different scales of the spectrum, and therefore, the optimal
spectral variation for a particular molecule has to be extracted from the original signal

using scale reconstruction.

[0098] After full spectra decomposition, one must find the optimal basis that provides
the combinations that maximize the eigenstructure similarity between F and K, where
F=T{V'; and K=T\V'; and V' \Vsis maximal. Under perfect match of information, T=T=T,
so that both F and K have the same eigenstructure. Note that, under NIPALS PLS, the
assumption forehand that maximizes correlation the non-transformed X and Y it that
part of the information structure has the same eigenstructure, that is the same scores
T. Here in, we first build a feature space that will allow scores similarity assumption,
greatly contributing for the success of the presented disclosure. Its expected that once
the feature space transformation is achieved that a direct linear relationship between
K and F exists: K=FB. Therefore, what we prove is that PLS or SVM type of assumptions
are only possible if the eigenstructure of K and F are similar. Otherwise, systematic
information will contaminate the scores inner relationship assumption and coherence.

The same principles can be applied to artificial neural networks or 'deep learning'.

[0099] Therefore, let's consider that one decomposes into an orthonormal basis p

both K and F:
F=Urp
K=Ucp

where there is a combination of Us and Uy that minimizes the error e of Us = Uy, where
B = (U Ug)'Uf* Uy. The problem of finding maximal similarity of eigenstructure is an

optimization problem of finding the best linear combinations of Us and Uy that
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maximize the common information between F and K, defining autonomously the

feature space transformation.

[00100] By performing this transformation, most of the unrelated systematic and
random components of the spectra and composition are eliminated. The system self-
learns how to extract the best combinations of g that quantify a particular metabolite
by evolutionary algorithms, such as, simplex, particle swarn optimization and genetic
algorithms. Once a feature space transformation is learned for a particular sub-space,
the system does not need to re-calculate, but uses the transformation directly to

produce a prediction.

[00101] Figure 10 shows the fluxogram of feature space transformation where: i) the
original signals are decomposed; ii) the initial estimate of best basis are estimated by
linear regression; and iii) the basis combination is optimized by evolutionary methods.
If a combination of basis is found so that the eigenstructure criteria is met, the
information about the transformation is cached and used in future perditions as the

feature space transformation for building the feature space.

[00102] The following pertains to cashed models, co-variance and classification maps.
Using cached models, co-variance and classification maps are paramount for
computationally efficient self-learning artificial intelligence, leading to significant
savings in computational resources. Figure 11a shows how cached models are used to
speed up predictions. Once a new spectra is recorded, it's projected into the feature
space and checked for a model path nearby. If so, the prediction is performed by using
methods in section IV; and once any new spectra is recorded the following actions are
performed:

i) is a cached model is able to perform the predictions accurately, the result is
presented to the end user;

ii) if neighbor models are able to present boundary threshold quality predictions, the
system can provide a consensus prediction before computing a new model and
updating the knowledgebase;

and iii) if neighbor models do not provide sufficient quality predictions, a new search

for a local model is performed, deploying a new model path in the knowledbase.
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[00103] The following pertains to results and discussion, in particular quantification.
Herein, a demonstration the effectiveness of the self-learning artificial intelligence
method is performed, by benchmarking the prediction of unknown blood and blood
serum samples. Results are compared to the state-of-the-art of chemometrics partial
least squares (PLS) global model to provide a simple base of comparison to the
previous art. The global PLS was obtained balancing between bias-variance by cross-
validation to derive the minimum number of eigenvectors, or latent variables (LV's).
Whole blood and serum unknown sample predictions were analyzed in terms of: i)
model complexity; ii) average error of prediction (%); and iii) co-linearity - Pearson

correlation (R?).

[00104] Figure 13 exemplifies why PLS cannot cope with the complexity of a biological
fluid, such as blood. Despite erythrocytes are the major cellular component of blood,
and directly related to hemoglobin content, it could be expected that a linear model,
would be sufficient to predict accurately the amount of erythrocytes cells. Figure 13a
shows exactly the opposite, that erythrocytes spectral quantification is highly non-
linear affected by significant interferences, so that, a PLS model shows very high
variance and significant bias at high erythrocytes count (e.g. > 5-10" cells/L).
Interferences are expressed in the 7 LV's of the PLS model. Such means that non-linear
iterative least squares had to deflate 7 eigenvectors to find a common direction in data
that quantifies erythrocytes count. This large variance means that even major
components exhibit complex spectral patterns, that once reduced to linear
quantification, significant prediction bias is obtained (11.50%, Table 1). General linear

models struggle to achieve analytical grade predictions in healthcare.

[00105] Figure 13c shows the PLS prediction for leukocytes. Leukocytes are present in
blood in lower concentrations than erythrocytes, but are still, a significant proportion
of the cellular component. The difference in magnitude is enough to show that it is
not possible to predict leukocytes with PLS. Results of Figure 13c show that predictions
have a very significant variance and large bias. PLS could only provide a model with
27% error (R*=0.45), with a large number of LV's (10), showing the significant amount

of spectral interference affects the leucocytes quantification in hole blood.
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[00106] Erythrocytes and leukocytes are a good example on how the self-learning
method handles the complexity of spectral information to provide an accurate
prediction based on local multi-scale modeling. Figures 13b and 13d present the self-

learning artificial intelligence results for erythrocytes and leukocytes, respectively.

[00107] Both parameters exhibit very low variance and bias, allowing medical grade
quantification for diagnosis, with only 2.4% and 5.15% error and very significant

correlations (Table 1).

[00108] Most importantly is the complexity reduction of both models to only one LV.
The self-learning artificial intelligence was able to find local multi-scale linear
relationships, filter variables and samples, so that, a direct correspondence between
spectral information and quantification was found, filtering out the complex

interference effects in biological samples.

[00109] Table 1 resumes the quantification results for whole blood and blood serum
parameters. Hemogram parameters such as erythrocytes, hemoglobin, hematocrit,
MCV, MCHC, leukocytes and platelets. Results how a very significant improvement by
the self-learning method and device where all parameter estimates exhibit errors

below 6% within the studied range.

[00110] Figure 14 shows the results for bilirubin and myoglobin quantification in blood
serum. Bilirubin is a significant constituent of blood serum, with yellow-brown
coloration. Myoglobin is present in lower quantities, but when present, its spectral
fingerprint is very significant in blood serum in the vis-nir region. Therefore, it would
also be expected that both molecules could be be linearly quantified by a PLS model.
Results in Figure 14a and 14c show that bilirubin and myoglobin PLS prediction exhibits
very significant variance, with errors of 12.5% and 31.0%, respectively. Despite these
molecules provide a very strong fingerprint in the spectral signal, they still suffer

significant interference.

[00111] The most relevant result is the fact that bias-variance is significantly reduced
when using the self-learning artificial intelligence method of the disclosure 14b and

14d. Most models decrease in complexity, and all parameters that are presented in
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higher concentrations only use 1 eigenvector projection (one LV). The proposed
method was able to find a local multi-scale spectral information linearly correlated
with molecular quantification. In this sense, all the studied hemogram parameters
(erythrocytes, hemoglobin, hematocrit, MCV, MCHC, leukocytes and platelets) were

able to attain analytical grade quality with bias below 6%.

[00112] Similar conclusions were obtained for blood serum, where high concentration
parameter such as bilirubin or high absorvance such as myoglobin are directly
guantifiable using only 1 LV. Other lower concentration parameters, such as, glucose,
creatinine, CRP, triglycerides, urea and uric acid, greatly reduced their model
complexity to 2 to 3 LV's. Such is an indication that lower concentration parameters
suffer more interferences and local variations, as well as, their accuracy starts to be

affected by the detector background noise.

[00113] Figure 15 presents the benchmark of PLS vs Self-learning artificial intelligence
of the present disclosure. PLS modeling could only sustain POC qualitative
guantification for: erythrocytes, hemoglobin, MCV, MCHC, platelets, bilirubin and CRP.
The error of these parameters are around 7% to 12%. All other parameters estimated
using PLS modeling did not met the 15% error criteria for POC (see Figure 15). Self-
learning Al was able to attain medical analytical grade quality in the following
parameters: erythrocytes, hemoglobin, hematocrit, MCV, MCHC, leukocytes, platelets,
bilirubin, glucose, myoglobin, CRP, triglycerides and uric acid. Only creatinine and urea
guantification were above the 5% limit, but did qualified for POC qualitative analysis.
The proposed self-learning artificial intelligence method greatly solves the previous
technical barriers presented in the background art, allowing spectroscopy to attain

analytical grade errors.

[00114] The following pertains to results and discussion, in particular classification.
Herein it is also demonstrated the effectiveness of the proposed self-learning method
for classification of known health conditions, such as: anemia, leukocytosis,
thrombotopenia, thrombocythemia, hepatic insufficiency, diabetes mellitus, acute
myocardial infarction, renal dysfunction and inflammation. The classification of these

conditions was performed according to the diagnosis cut-off values: i) anemia -
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erythrocytes count levels below 4*10"/L and hemoglobin levels below 13 g/dL; ii)
leukocytosis - leukocytes levels above 10%°/L; iii) thrombotopenia - platelets levels
below 100*10%/L; iv) thrombocythemia - platelets levels above 400*10°/L; v) hepatic
insufficiency - bilirubin levels above 1.2 mg/dl; vi) diabetes mellitus - glucose levels
above 100 mg/dl; vii) acute myocardial infarction - myoglobin levels above 147 ng/ml;
viii) renal dysfunction - creatinine levels above 1.3 mg/ml; ix) inflammation - C-reactive

protein levels above 2.0 mg/dl.

[00115] Table 2 presents the classification results for the presented conditions, in
terms of true and false, positive and negative combinations, respectively. Results
show that self-learning classification is superior to a linear classifier, logistic PLS. This is
especially significant for conditions where the cut-off value for diagnosis is at low
concentrations, such as for thrombotopenia, or for conditions that suffer complex
interferences, such as infections with high levels of leukocytes (leukocytosis). The
global PLS model is only able to sustain point-of-care (15% error of classification) for
anemia, thrombocythemia and acute myocardial infarction. Most parameters exhibit
levels of 50% to 80% chance of correct diagnosis, and therefore using linear classifiers

proves to be very limited for classification of health conditions.

[00116] Self-learning method was able always perform above 85% chances of correct
diagnosis. The Self-learning method was able to correctly diagnose 100% of the cases
of anemia, thrombocythemia and acute myocardial infarction. Conditions, such as,
leukocytosis, diabetes mellitus and hepatic function also attain near complete correct
classification (97% chance of being correct). Such, is because, values that are miss
classified are near the cut-off, and the laboratory error was not taken into the account
in the classification method. If one takes it into consideration, with an error margin of
5%, these conditions are also 100% classified. thrombotopenia and renal dysfunction
have classification rate of 87% and 89%, respectively (see Table 2). Such result was
expected, as platelets and creatinine values are significantly low for their signal
information in the spectra (e.g. creatinine has 14% of prediction using self-learning,

see Table 1). Nevertheless, the two conditions are below the 15% classification error.
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[00117] It will be appreciated by those of ordinary skill in the art that unless otherwise
indicated herein, the particular sequence of steps in text or flow diagrams described is
illustrative only and can be varied without departing from the disclosure. Thus, unless
otherwise stated the steps described are so unordered meaning that, when possible,

the steps can be performed in any convenient or desirable order.

[00118] It is to be appreciated that certain embodiments of the disclosure as
described herein may be incorporated as code (e.g., a software algorithm or program)
residing in firmware and/or on computer useable medium having control logic for
enabling execution on a computer system having a computer processor, such as any of
the servers described herein. Such a computer system typically includes memory
storage configured to provide output from execution of the code which configures a
processor in accordance with the execution. The code can be arranged as firmware or
software, and can be organized as a set of modules, including the various modules and
algorithms described herein, such as discrete code modules, function calls, procedure
calls or objects in an object-oriented programming environment. If implemented using
modaules, the code can comprise a single module or a plurality of modules that operate
in cooperation with one another to configure the machine in which it is executed to

perform the associated functions, as described herein.

[00119] The disclosure should not be seen in any way restricted to the embodiments
described and a person with ordinary skill in the art will foresee many possibilities to
modifications thereof. The above described embodiments are combinable. The

following claims further set out particular embodiments of the disclosure.
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CLAIMS

1. Spectrophotometry method for predicting a quantification of a constituent from a
sample to be quantified,
comprising the steps of:
obtaining an electromagnetic spectrum from said biological sample;
projecting said obtained spectrum into a sample point of a multiple dimension
vector space associated with feature vectors, herewith a feature space, defined
by a predetermined vector basis, wherein each of said dimensions is a prediction
feature;
selecting, if existing, a minimum of neighbouring sample points from sample
points within said feature space, said sample points having been projected from
previously obtained spectra each with a known constituent quantity, such that
said minimum maximises the covariance of the projected spectrum of said sample
to be quantified together with the projected spectra of the selected neighbouring
sample points;
predicting the quantification of the constituent from the sample to be quantified
by correlating the known constituent quantity from the selected neighbouring
sample points taking into consideration the projected spectrum of said sample to
be quantified and the projected spectra of said selected neighbouring sample

points.

2. Method according to the previous claim further comprising for determining the
predictability of quantification of the constituent of the sample to be quantified,
by:
calculating a normal distribution of the prediction error of the constituent quantity
from the selected neighbouring sample points;
obtaining a p-value from said calculated normal distribution and from the
projected spectrum of said sample to be quantified;
using the obtained p-value as the predictability of quantification of the constituent
of the sample to be quantified.
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3. Method according to any of the previous claims further comprising, if the
minimum of neighbouring sample points is not existing, the steps of:
flagging that prediction of the quantification of the constituent from the sample to

be quantified is not possible.

4. Method according to claim 2 or 3, further comprising:

placing the obtained spectrum from said biological sample into a quarantine
database;

receiving a measured quantification of the constituent from the sample to be
guantified;

accumulating in said quarantine database a plurality of obtained spectra from
biological samples to be quantified and respective measured quantifications of the
constituent from samples to be quantified;

determining if a subset of the accumulated spectra and measured quantifications
in said quarantine database allows predictability of quantification of the
constituent of the sample to be quantified;

if the subset allows predictability, releasing the subset from the quarantine
database for use in the present spectrophotometry method for predicting a

guantification of a constituent.

5. Method according to the previous claim, determining if a subset of the
accumulated spectra and measured quantifications allows predictability of
guantification of the constituent of the sample to be quantified, comprises:
on placing the obtained spectrum from a biological sample into the quarantine
database; and
on receiving a measured quantification of the constituent from the sample to be
guantified corresponding to the biological sample;
the steps of:
projecting said obtained spectrum into a sample point of a multiple dimension

vector space associated with feature vectors, herewith a feature space, defined
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by a predetermined vector basis, wherein each of said dimensions is a prediction
feature;

selecting, from said quarantine database, if existing, a minimum of neighbouring
sample points from sample points within said feature space, said sample points
having been projected from previously obtained spectra each with a known
constituent quantity, such that said minimum maximises the covariance of the
projected spectrum of said sample to be quantified together with the projected
spectra of the selected neighbouring sample points of said quarantine database;
predicting the quantification of the constituent from the sample to be quantified
by correlating the known constituent quantity from the selected neighbouring
sample points from said quarantine database taking into consideration the
projected spectrum of said sample to be quantified and the projected spectra of
said selected neighbouring sample points of said quarantine database;
determining the predictability of quantification of the constituent of the sample to
be quantified;

if the predictability is deemed above a predetermined threshold, releasing the
selected neighbouring sample points from said quarantine database for use in the
present spectrophotometry method for predicting a quantification of a

constituent.

6. Method according to the previous claim, wherein said released selected

neighbouring sample points constitute a local model.

7. Method according to any of the previous claims, wherein selecting the minimum
of neighbouring sample points from sample points within said feature space,
comprises the steps of:
projecting an obtained spectrum into a sample point of the multiple dimension
vector space, herewith a feature space;
defining a plurality of search directions in said feature space;
defining a plurality of directional search volumes contained within said feature

space, each directional search volume being defined as a region of the feature
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10.

space that includes said projected spectrum sample point, that extends along a
search direction by a predetermined search radius distance from said projected
sample point, and that extends from said search direction by a predetermined
search width distance;

calculating for each search direction a plurality of corresponding prediction
models, wherein each said model is calculated by selecting a dimension subset
from the dimensions of the feature space, said model being calculated using the
projected sample points within the directional search volume corresponding to
the search direction such that covariance is maximised;

selecting the search direction that has the corresponding prediction model that
has a maximum predictability of quantification of the constituent to be quantified;
using the projected sample points within a selected directional search volume
corresponding to the selected search direction as the selected minimum of

neighbouring sample points.

Method according to the previous claim wherein each directional search volume is
defined as a region of the feature space that originates from said projected

spectrum sample point.

Method according to any of the claims 7-8, further comprising:

minimizing the selected directional search volume by reducing the predetermined
search width distance such that the predictability of quantification of the
constituent to be quantified is maximized by the model calculated by the selected
dimension subset and calculated using the projected sample points within the

directional search volume being minimized.

Method according to any of the claims 7-9 wherein the prediction model of each
search direction is calculated by:

defining a covariance matrix between the feature space and the quantification of
the constituent;

minimizing the number of eigenvectors extracted from the covariance matrix that

minimizes prediction error;
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11.

12.

13.

14.

selecting those eigenvectors that correspond to said minimum;
using a multivariate linear prediction model defined by the selected eigenvectors

as the calculated prediction model of each search direction.

Method according to the previous claim wherein the calculated multivariate linear
prediction model joined with the projection defined by the predetermined vector
basis provides an interpretive correlation between an input spectrum and

constituent quantification.

Method according to the previous claim wherein each said directional search
volumes is a multidimensional box or cylinder defined by a predetermined
distance from a line defined by the respective search direction and the projected

spectrum sample point.

Method according to any of claims 7-12 further comprising:

filtering orthogonally the variation of the quantification of the constituent to be
guantified calculated by the corresponding model of the selected directional
search volume in respect of the projected sample points within the selected

directional search volume.

Method according to any of claims 7-13, comprises repeating a selection the
minimum of neighbouring sample points from sample points within said feature
space, by the steps of:

defining a plurality of search directions in said feature space;

defining an plurality of directional search volumes contained within said feature
space, each directional search volume being defined as a region of the feature
space that originates from the end of the predetermined search radius distance
along the selected search direction of the previously selected directional search
volume;

calculating for each said search direction a plurality of corresponding prediction
models, wherein each said model is calculated by selecting a dimension subset

from the dimensions of the feature space, said model being calculated using the
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15.

16.

17.

18.

19.

projected sample points within said directional search volume corresponding to
the search direction;

selecting said search direction that has the corresponding prediction model that
has a maximum predictability of quantification of the constituent to be quantified;
using the projected sample points within a selected directional search volume
corresponding to said selected search direction as the selected minimum of

neighbouring sample points.

Method according to the previous claim, comprises repeating the steps above
until a predetermined criteria is reached in respect of covariance of the projected
spectrum of the sample to be quantified together with the projected spectra of

the selected neighbouring sample points.

Method according to any of the claims 14-15, comprising:

repeating the selection the minimum of neighbouring sample points from
projected sample points within said feature space, recursively calculating said
prediction models;

aggregating said calculated prediction models into an aggregated prediction

model, herewith a path model.

Method according to the previous claim wherein said path model is cached for
subsequent predictions of constituent quantification without recalculating

prediction models.

Method according any of the previous claims where the quantification to be
predicted is a logistic function of a class to be determined from a constituent or

constituents from the sample.

Method according to any of claims 7-18 wherein the predetermined search radius
distance, the predetermined search width distance, and the number of the
plurality of search directions in the feature space is determined using an iterative

optimization method, in particular a simplex algorithm.
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20.

21.

22,

23.

24,

25.

26.

Method according to any of the previous claims wherein selecting a minimum of
neighbouring sample points from sample points within said feature space
comprises selecting a minimum number of sample points above a predetermined

threshold of covariance.

Method according to any of the previous claims wherein the predetermined
vector basis is an orthogonal information-preserving decomposition into
constituent functions or into a matricial factor decomposition, in particular
singular-value decomposition - SVD, wavelets, Fourier transform, wavelets, or

curvelets.

Method according to any of the previous claims wherein the pre-processing of the
obtained spectra comprises deconvolution and/or resolution enhancing of said

spectra.

Method according to any of the previous claims wherein the sample is biological
and the constituent or constituents are biological metabolites, in particular blood

metabolites.

Non-transitory storage media including program instructions for implementing a
spectrophotometry method for predicting a quantification of a constituent from a
sample to be quantified, the program instructions including instructions

executable to carry out the method of any of the claims 1-23.

Spectrophotometry device for predicting a quantification of a constituent from a
sample to be quantified, the device comprising an electronic data processor
configured for carrying out the spectrophotometry method of any of the claims 1-

23,

Device according to the previous claim comprising a spectrophotometer and non-
transitory storage media including program instructions for implementing said

spectrophotometry method.
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Algorithm 1 Local Geometry and Sub-space identification
Step A. Direction finding

Require: U ¢ F AU =xV; where V is the basis of F

Ensure: [=argmax{X'y)

lovad
£ Buaedins Brdaiggrn sonveh vading
o« R earinng Bidasign vsvhey of scaseh dfections
¥ e Vol Sehanige il volome of searctdirecions
s o BEEOP Rassign alnwalde oror of sensch direcions
& s Computeticonmetr yind. e 1y % 81 b subapaee ol ¥

FindHrectiong — TRUE
while vindDiretions==TRUE o

forsinSdp
fe.npesl ~ releeaniPLIN, B Slitain locad optismam taining sed 18 by redimension of ¢

Hthrat vrnimizes orow ok and elgenventors PG
if (€ < €ax} and (NPC < NMPCyax) then

B IBIsh B o Wik nPE ol n;.tr:-§ WSersre refevars directions
else
B NeeSear ChEErer thanisy R hange seand direciion
S 18t B Wioh ol - fePlinged WBevsre refera diractions
end if
end for
H (max(E) < o) and {max(nPC) < npey) then
Findthmetions » FALSE Wy spaee was ddendifiod
end if

end while
Step B. Minimize sub-space convex hull volume
LLL N - Geaprare Hal §Emgiex i 2% Genera 3 conven Tl for siongdisg optimbasion
while max(E} < ¢p, 0 do

forSinCdo

fe( npc-,sg v pedepsnt PESTY, 8 8 Obtain vespootive covves bl soded

end for

FOEOR - Soleoth iR % Fiminate worst convex hulf modal

C =~ SimpdeadoeeCLOR
end while
Output: Best sub-space 8 € F for predicting y given a spectrax
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Algorithm 2 Feature space mapping - knowledbase of quamtification
Reguire: Uy & F AU =x3V; where Vis the basis of F
Ensure: j = argmax{X'Y)

foceaf
ro Badfus Hansign seach radiuy
o« Divections SAusign nuaBer of svaeady direiions
p e Vaiuaie H:dssigninithal vohigne nf soanch direcions
Cusay ~ Erear Assige adossable eroor of vearch divecions
§ o Camputeiyoomerr ¥{rd, v, 1} %k i asub-space of ¥

while xewsuispace s« thuk do
while Ressesehbossibie == tRUE o
Perfornmn Mgneithm 1
NewSearchPossible~ GetNewSeachfai ai
i vewsearcipossivte = a1y then
$ {85 M o M
else
NewSanroh Possibie - NULL
end i
end while

ey o SefectNaweCoard natel}

Newlubhdpace— FALRE
end i
end while
Qutput: Optimal sub-space mapping of § € F for predicting y given by any spectrax

Algorithm 3 Feature space mapping - knowledbase of classification
Reguire: Uy F AU sx¢Vy where Vi the basis of ¥
Ensures j=argmas{X'L), . AL=logit®

o Radigs Sdssiggs semoh sading

e Biceritons Hasipn v of sesvch divections

eV b Hedustpn inttiel wokene of sesreh dirsctons

Soyece - LTFQE Shssign alovesbde scror of search direritns

Clustering ~ Brroy Slefine Chestering Criena for a ghoen®

£ findLaainx HuilnR iy Wliged Hai porvony: fiadls gocross ®

v ClrpekC Luestee Taadfe fnfwadif 180Y Saach comax hull mast be fadepesdent

A oo Ba il ol hasgs

foremedeo
while nestape soveue do
u - Select Ve dions ASearets stting coprdingies
S ComnpsisreGrumerr ivad, s sz hy directions and geomowy
B Algaritheg® % fiovndacy toral subwpace nl
i o vues then
o e Biaindar Wedw & Muave the fiwards
s findCanires nlHE LY Hhetsemibne e new consexn hull

Else
BeSBagy ~ FILSE
erd if
end while
Ry« Algorithmdie b Ferform sequenitial sabespace idasgificasion of the tusveg bt bovadary
end for
Qutput: Optinad sub-space mapping of L aceress Ffor predicting p glven by any spectra x
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Algorithm 4 Characterization of the local geometry

Require: By o By s BRLGEp €8 fivars argsinsitis

3 ERMS  Finarit o £ Teed] o 8 3D o TR B2 e TR T oo v sviny e b HOR D o §OPY o Besfanrg 3 ; vt d
Bm‘ile: Heibs £ B0 & L P = TW K 0 Fawr g i_}-‘e‘?i\é.,xx ] i e g RRE i wemeg}

Given a search divection Iy
while sabieGroup = ¥3188 do
forFL.XsinDdo

poi
while praceaction=TR1UE do

o WLy W Sl ey
Weyew thresfonid andeg < threshonid then
Lospgrge~ TRIE
e ¥
end while
P Aty
-

§ = KA T WPip e g M0 g
] - o Ho tg
Bupe s WIRWITIQ

R‘ F-{}?“

SH

HEY « decrspsesthen
P Poe
slse
pesgtrpetion < FALRE
sad i
end while
= Tafly
LG SeloprSamplasits
end for
1B KE - Bepenld aelP K

SisbleGroup o TRUE
end if
end while
IRKD o SelectVariabissiRy
Output: Optimal F and F for a given search direction D
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Algorithm 5 Sub-space information optimization using orthognal projections

Require: £ 8 K Ko K Fli s srgmesia i

Bnsures jwis L « LF < TW K« UG [« argmin{ PRESS «

Given a search divection I
Select { kfrom F.X that maximizes TP and minimizes U,Ql:

while 4 < npdo

{67 Swy] = SV DR wi = widitwl]
t = Pwiwiw; T — ¢
p = Fetin Pipl —p
g=K't/t't; {Qlgl ~¢q

Bpg=Fi~TiP

{ R
N

»

B3 i:;;‘:;%f‘“ﬁ S B )‘.«‘ﬂh&{’; i

o Eg 5 Wyl = SVD{Ef.i'TE}; Wy =W i |IWg i

.
Lo = Fiwyy

Po = Ftaltht, or po = p—wlpiwiwg IPolpsl < po

Frog = By = TP~ T, P
B¢ =K~ T:Q}

2 X3

i Do nsCo il = SVINEL ;. Tidi €5 = o fHep i

g = Kty s

Iy k: N b
g=K uefu:;um EQonm i ¢ 51
Kior = Kins = 1Q0 - UpsQF |

end while
F=TP + TP
K=TQ+ U0,
B~ WiP'wW) g

Output: Optimal orthogonally filtered relationship K = F§ for a given search divection D

Table 1. Metrics for the chamacterization of the feature space

Deseription Formula Objective

Srazistival representation 3] mumber of day ava local divection

Latent Ratio npin ratio of number of IN's v number of locsl daa
Complexity rafe 1k eigervaiue decreage ratio

Camploxdty Ca=apefiine X eomplextiy of local dataser

PRESS YO - - m predicted swam of sguares

Colintarity COUN W entinearity of Fand X elgenstructure

Moded Variance

Predicted Variance
Spectral Intexference
Quantificadon Intexference
Co-variation

{in-variation

Uncorrelated Informaiion
Uncorrelated Information

Rf =1L EL TR L
w1 -LOQ - RN LK
ity = LRI LI
Rpp = 20,0 ol T LK
R’.?-',ccey = T{IP f}i iy F.?

el

R pRELILSFON 4

Vadance of Fin muodel

Predioted model variance

Ratio of orthogonal information In B
Ratio of orthogonal information in K
Hato of cesvariance between F~ K
Hatio of ea~-variance hetween K~ F
Uncorrelated information in F
Dncorrelated information n K
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Table 2. Global PLS benchmarks versus self-learning methodology in blood samples

Global PLS Sedf-Leaming Muthod

Farametsr Rangs bV Error {%% R? nlV® Ervor ow) S

Ervtrocyies (10%/ ) 20-3.5 7 1L: 0.3731 i 2.4 0.0869

Hemoglobin {g/d D g5-160 8 8.9 03,8385 1 1y 098497

Hematoorls (%) 20454 7 Q.2 9.83492 H 3.3 0.9846

MOV L 5120 7 T2 8421 i 2.8 Q9872

MCHC (gidd) I -37 7 8.3 0.8312 H 3.1 (.9835

Leucoeytes (10971} 322 1 270 0.4512 1 5.2 0.99G7

Platelets (10% /D 22783 g 8.8 07911 H 3.8 0.9698

Billirubin {mg/d8} 625-1% 8 25 0.9667 1 7.0 (.9838

Glacose g/ d &0 - 370 10 2.0 §F2I0 2 §.4 (.9865

Myoglobin (ngd pd} 7~ 345 8 3L0 0.9357 i &0 0.9930

Creatinine {mgidh 0.3~648 i3 380 4.6 3 4.0 £3.9642

CHP {mgldD I~ 8 145 Q8617 2 85 0.9834

Trighvcerides{mg/dli 30260 11 323 $.9156 3 8.0 6.9674

Urea {megdad) 10-140 8 873 8.8471 2 5.0 0.9768

Uric Ackd {mg/dD R 7 180 8.7012 3 £.0 D.9479

{a) median number of IV

Table 3. Classification benchmarks in blood samples: true ve fiadse classifications
Giobal PLS Self-Leaming Method
True e False False Trise Trae Fabse Talse

Probahility Positive  Negatlre  Positbve Negatbe Poslthve Nepaibve Poslidve  Negaibe
of relevanee W 5% e %) % % {%) %) %}
Anendda 45 44 4 11 53 47 Q 4]
Lenkooviosis 21 38 8 15 48 A0 & 2
Thronthotopenia 0 54 50 & 46 41 4 @
Thrombocythemia 3% 54 it i 50 30 i {4
Hepatic insufficiency 42 38 # 1 43 S8 7 {3
Piabetes meadlitug 42 &1 9 4 38 49 2 k]
Acete ravorardisl infiaretion 58 5G ¢ G 50 50 4] &
Renad disfunction 37 41 13 8 33 46 8 3
Inflamation 50 15 6 36 50 42 0 8

{a} median nomberof Vs
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