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Abstract – In this paper we propose a predictive alarm
ranking algorithm for prevention of nocturnal hypoglycemia
(NH) in patients with insulin-treated diabetes. We adapt
collaborative filtering method for prognosis of risk of NH
occurrence in diabetic patients. We illustrate the proposed
algorithm and test it to quantify its accuracy with medical
records obtained within the framework of the European
FP7-funded project DIAdvisor. Results show that the al-
gorithm with proper ranking and preprocessed data out-
performs well-known NH-prediction approaches in terms of
sensitivity, specificity and F1-score.

Keywords – predictive algorithm; regularization; ranking;
collaborative filtering

I. INTRODUCTION

Diabetes mellitus is a common and serious autoimmune
disease characterized by the inability of the pancreas to
produce insulin, an essential hormone needed to convert
food into energy, and thus to regulate blood glucose
concentration. The management goal is to delay or prevent
serious long-term diabetic complications, including blind-
ness, kidney failure, strokes, heart attacks [1]. According
to Diabetes Controls and Complication Trial [1] the risk of
diabetes can be prevented by proper blood glucose mon-
itoring and regulation. Hence, in order to control blood
glucose evolution, self-monitoring of blood glucose with
use of glucometers (from capillary blood obtained through
finger prick) or continuous glucose monitoring devices is
essential. However, blood glucose levels abnormally fluc-
tuate, and too little insulin injection results in chronic high
blood glucose levels, too much can cause hypoglycemia.
For both patients and doctors diabetes management can
pose a rather complicated task: patients are required to
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track their blood glucose levels and daily activities, and
doctors should make appropriate therapeutic adjustments
based on the monitoring data. A clinically important
task in Diabetes treatment is prevention of nocturnal
hypoglycemic events, as blood glucose level falls below
70 mg/dl [2]. Naturally, would be beneficial if the problem
of blood glucose regulation could be treated proactively,
i.e. the alerts would be given not at the moments of blood
glucose excursions, but beforehand in a predictive way
based on previous blood glucose measurements. This task
can be addressed as a learning-to-rank problem. However,
this task is ill-posed, so application of regularization
methods is required.

There are several techniques that could be used to
target this problem described in the literature [3]–[8].
Nevertheless, wide variability among individual patients
in terms of biologic and behavioral factors such as aware-
ness of hypoglycemia, treatment decisions and strategies,
sensitivity to insulin, response to lifestyle factors, and
response to treatment result in high complexity of the task.
We develop a prediction algorithm using “collaborative
filtering” (CF) technique based on assumption that an
unknown behaviour, preference or characteristics of a
person can be estimated using the similarity of this
person to other person [9]. CF may be used to process
all the available information and to be able to adjust
our ranking function for a particular individual. It was
shown [10], that this approach in diabetology is a well-
approved method for predicting the level of methabolic
control. CF predictions are specific to the individual, but
use information gleaned from many other persons. The
fundamental assumption of CF is that if persons A and
B rate some inputs identically, hence will rate other inputs
similarly.

The paper is organized as follows. In section II, the
problem statement is presented and our approach is con-



sidered. In section III we discuss a theoretical background
for regularized ranking algorithm. In section IV, we
illustrate the proposed algorithm with clinical data and
discuss its accuracy.

II. PROBLEM STATEMENT

The ranking problem can be stated as follows: we are
given a sample set z = {(xi, yi)}mi=1, where xi ∈ X
is input vector, and yi ∈ Y (Y = [0,M ] ,M > 0)
denotes output (in our case this is the risk of nocturnal
hypoglycemia). The goal is to find a scoring function
fz : X → Y that ranks future instances x and x′ with
labels f(x) < f(x′) if x ≺ x′ (x′ is more alarming
than x). To account for individual patient’s differences,
function f is trained for each patient separately.

For vector of blood glucose measurements during the
day g = (g1, g2, g3, . . . , gl) ∈ Rl ranking function f
should predict risk of NH. To use information from other
individuals we want to use outputs from other persons
with the same or close daily bloog glucose measurements.
Accordingly, we apply k-mean clustering on space of
vectors Rl from our dataset (we used k = 20), hereby
for each vector g = (g1, g2, g3, . . . , gl) is marked with
cluster label glk. From the dataset we find those records,
for which input vector falls in the same cluster and
find the risk associated with the cluster (i.e. risk of
NH occurrence for other individuals when appear in the
cluster) x1, . . . , xn (some of them may be undefined).
At this point PCA is used to reduce complexity and
sparsity of data. These ranking are then used as input
x = (x1, . . . , xn) and risk of NH occurrence as output y.

The general setting of the ranking problem has been
well studied in [11] on the basis of algorithmic stability
analysis. In our ranking problem we wish not just to
accurately predict pairwise ordering but also preserve the
magnitude of the scores or the difference between ratings,
therefore we estimate quality of a ranking function by
its expected ranking error corresponding to least squares
ranking loss [12]. To overcome problem of overfitting,
function f is selected from some hypothesis space H
using Tikhonov regularization scheme. A natural choice
of a hypothesis space H is a Reproducing Kernel Hilbert
Space (RKHS). Regularization in a RKHS has a number
of attractive features, including the effective error bounds
and stability analysis relative to perturbations of the data.
For further detailed information, please refer to [11], [12].

III. REGULARIZED RANKING ALGORITHM

Let X be a compact metric space and Y = [0,M ],
for some M > 0. An input x ∈ X is related to an
output y ∈ Y through an unknown probability distribution
ρ(x, y) = ρ(y|x)ρX(x) on Z = X × Y , where ρ(y|x) is
the conditional probability of Y given x and ρX(x) is
the marginal probability of x. The distribution ρ is given
only through a set of samples z = {(xi, yi)}mi=1. The

ranking problem aims to automatically learn a function
fz : X → R that ranks future instances.

A ranking loss function l = l
(
f, (x, y), (x′, y′)

)
is

utilized to evaluate the prediction result of f(·). The
loss reflects the coherence between scores and ranking:
if feature vectors with higher scores also have higher
rank, then the loss is small. Otherwise, the loss is large.
We further define the risk function as the expected loss
function with respect to the distribution ρ(x, y):

El(f) = E(x,y),(x′,y′)∼ρ[l
(
f, (x, y), (x′, y′)

)
].

Empirical l-error of f with respect to z = {(xi, yi)}mi=1

will be defined as

Êl(f, z) =

∑m−1
i=1

∑m
j=i+1 l

(
f, (xi, yi), (xj , yj)

)∑m
i,j=1 1yi>yj

.

The learning task may be considered as a minimization
problem with empirical risk function as target function.
In this case the choice of the loss function corresponds to
the choice of a ranking model. For magnitude-preserving
ranking the most natural loss function is square-loss
function

l =
(
f(x′)− f(x)− (y′ − y)

)2
.

The quality of ranking function f is expressed with the
expected error

E(f) =

∫
Z

∫
Z

(y− ȳ− (f(x)− f(x̄)))2dρ(x, y)dρ(x̄, ȳ).

(1)
Note, that although E(f) is a convex function of f , it

does not imply the uniqueness of function f∗ that would
minimize (1). In the space of square integrable functions
with respect to the marginal probability measure ρX the
risk E(f) can be minimized by a family of functions
fρ(x) + c, where

fρ(x) =

∫
Y

ydρ(y|x)

is the so-called target function or Bayes estimator, and c
is a generic constant, which may take different values at
different occurrences. The function fρ(x) is also called
regression function, as it is a solution for the regularized
least-square method [13].

However, the target function fρ(x) can not be found
in practice, because the conditional probability ρ(y|x)
is unknown, and only a sample of it, the training set
z = {(xi, yi)}mi=1, is available. Therefore, it is convenient
to look for a function f from some hypothesis space H
minimizing the approximation error ‖f − fρ‖H.

A natural choice of a hypothesis space H is a Re-
producing Kernel Hilbert Space (RKHS). From [14] it
is known that every RKHS is generated by a unique



symmetric and positive definite continuous function K :
X × X → R, called the reproducing kernel of HK ,
or Mercer kernel. The RKHS HK is defined to be
a closure of the linear span of the set of functions
{Kx := K(x, ·) : x ∈ X} with the inner product 〈·, ·〉K
defined as 〈Kx,Kx̄〉K = K(x, x̄). The reproducing
property takes the form f(x) = 〈f,Kx〉K .

The regularization-based algorithm can be defined by
the following regularization scheme:

fλz = arg min
f∈HK

T (f),

where functional T (f) = TK,λ,z(f) is defined as follows

T (f) =
1

m2

m∑
i,j=1

(
yi − yj − (f(xi)− f(xj))

)2
+λ‖f‖2HK

Data-free regularization scheme is the following

fλ = arg min
f∈HK

{E(f) + λ‖f‖2HK
},

where ‖f‖2HK
is the norm in RKHS HK , and λ is a

regularization parameter. We define the integral operator
L : HK → HK as

Lf =

∫
X

∫
X

f(x)(Kx −Kx̄)dρX(x)dρX(x̄). (2)

One can see that the operator L is self-adjoint and
positive linear operator on HK , and that the function fλ

is a Tikhonov-regularized solution of the equation

Lf = Lfρ.

Finally,

〈Lf, f〉K =

∫
X

f2(x)ρX(x)−
(∫

X

f(x)ρX(x)
)2

≥ 0,

and the operator L is self-adjoint. Using standard repre-
senter theorem [13], [14] the minimizer of the optimiza-
tion problem has the form

fλx =

m∑
i=1

ci,zKxi
,

with cz = (c1,z, . . . , cm,z)
T ∈ Rm. Therefore under the

assumption that fρ ∈ HK the regularized solution of the
problem can be obtained in the following form:

fλ = (L+ λI)
−1
Ly,

or in the discrete form

fλz =

(
1

m2
S∗xDSx + λI

)−1
1

m2
S∗xDy, (3)

where Sx : HK → Rm is the so-called sampling operator,
i.e.

Sx(f) = (f(x1), f(x2), . . . , f(xm))T ,

and its adjoint S∗x : Rm → HK can be written as

S∗xc =

m∑
i=1

ciKxi
, c = (c1, . . . , cm)T ,

D = mI − 1 · 1T , y = (y1, . . . , ym)T , and I,1 are the
m-th order unit matrix and the m-th order column vector
of all ones respectively. The operator 1

m2S
∗
xDSx can be

seen as a discrete version of the operator L. Therefore,

〈S∗xDSx(f), f〉K =

m∑
i,j=1

(f(xi)− f(xj))
2.

Note, that in the supervised learning regression the
operator L appearing in (2) has the form

Lf =

∫
X

f(x)KxdρX(x).

Therefore regularized solution (and its discrete form)
for regression problem differs from ranking problem
solution, despite of fact that these two algorithms have
the common solution fρ(x).

IV. NUMERICAL ILLUSTRATIONS

In our study we analyze value of the self-monitoring
of blood glucose taken three times during the day (before
breakfast, lunch, dinner) and once around 22:00. Predic-
tion horizon is nine hours, so the task is to estimate risk
of hypoglycemia occurence during the night.

To illustrate this approach we use 2 data sets.
One of them is data from 34 diabetic subjects studied in

the Montpellier University Hospital Center (France) and
in the Department of Clinical and Experimental Medicine
at the University of Padova (Italy) as a part of EU-project
“DIAdvisor”. This dataset contains the records on blood
glucose concentration. The measurements were taken with
the glucose meter at the same time during nearly 10 days
in a row for each individual. We selected only those
measurements corresponding to breakfast, lunch, dinner
and bedtime. Onset of NH was detected from the system
of continuous blood glucose measurements during a night.
NH was observed in 27% of day-night outcomes.

Another one is Diabetes Data Set [15], containing the
information for 70 sets of glucose, insulin, and lifestyle
data recorded on diabetes patients during several weeks or
months. The data on diabetes patients was obtained from
two sources: an automatic electronic recording device and
paper records. These sources differ in the way time of
the record was fixed. For automatic device, there was
an internal clock that would fixate the exact time of the
record, whereas for the paper records the four fixed time
slots were given to be associated with the data points:
breakfast (08:00), lunch (12:00), dinner (18:00), and bed-
time (22:00). Hence for paper records the timestamps



were artificially categorized whereas electronic records
contain actual timestamps. Moreover, paper records al-
most do not contain reports about nocturnal hypoglycemic
symptoms. Accordingly, for our experiment we use only
records with electronic inputs.

For both data sets we formed list, each row containing
subject ID, day number, 4 blood glucose measurements
and final value 1 if nocturnal hypoglycemia was observed,
and 0 otherwise. For example,

Table I. EXAMPLE OF RECORD FROM DATASET

Subject ID Day Blood glucose measurements Risk
2 1 192 158 200 127 1

Vector space of blood glucose measurements R4 was
split into 20 clusters with k-means algorithm. So in-
stead of vector from R4 we use number of correspond-
ing cluster, or Voronoi cell. So, for example, vector
(192, 158, 200, 127) is transformed into 3.

Then for selected individual the ranking function f is
constructed. For each other subject s and each cluster i
we form rating xs,i as mean of final values for subject
s at cluster i (this value is from 0 to 1). Missing values
in the input features are populated with value −1. Vector
of other patients’ ratings (x1,i, x2,i, . . . , xu,i) forms input
vector xi. Then PCA was applied to reduce dimensional-
ity of input space, for 30 components explained variance
ratio exceeds 90%. Thus inputs are vectors from R30, and
outputs are values in [0, 1].

Training was carried out on half of the selected individ-
ual’s records and testing was performed on the other half.
The experiment was done for all subjects and the average
performance recorded. As a hypothesis spaceHK we used
the RKHS generated by the universal Gaussian kernel

K(x, x̄) = exp(−
‖x− x̄‖22

γ
).

For each dataset, the width of the kernel γ and regular-
ization parameter λ were optimized on a held-out sample.

We compare our method to algorithm based on the Low
Blood Glucose Index (LBGI) that has been introduced
in [6], [7] for measuring the risk of severe hypoglycemia,
based on self-monitoring of blood glucose. LBGI is non-
negative value equal to mean of quadratic risk function
calculated for each given blood glucose measurement.
The main advantage of this algorithm is simplicity of its
estimation. For details on the calculation of LBGI we
refer to the papers by Kovatchev et al. [6], [7], where
the index has been introduced and justified.

Both algorithms calculate risk of NH, that is some
real numbers. To evaluate the performance of predictors
in terms of Sensitivity (SE), Specificity (SP), Positive
Predictive Value (PPV), Negative Predictive Value (NPV),
and F1-score, we use various levels of risk thresh-
old for both predictors, obtaining true-false outcomes
(1y>threshold). Results are presented in Table II.

Table II. COMPARATIVE PERFORMANCE OF PREDICTORS

Predictor threshold SE SP PPV NPV F1

LGBI

0.5 0.36 0.40 0.25 0.53 0.3
1 0.27 0.55 0.25 0.58 0.26

1.5–2 0.18 0.70 0.25 0.61 0.21
2.5 0.18 0.75 0.29 0.63 0.22
3 0 0.85 0 0.61 0

3.5 0 0.90 0 0.62 0
4–5 0 0.95 0 0.63 0

Proposed 0.05 0.91 0.15 0.37 0.75 0.53
method 0.10 0.82 0.20 0.36 0.67 0.5

0.15 0.82 0.25 0.38 0.71 0.51
0.20 0.55 0.45 0.35 0.64 0.43
0.25 0.45 0.55 0.36 0.65 0.4

0.30–0.35 0.45 0.60 0.38 0.67 0.42
0.40–0.45 0.27 0.75 0.38 0.65 0.32

0.50 0.27 0.90 0.6 0.69 0.38

For predicted risk values we use pairwise misrankings
to compare to actual risk values in the test set of size t:∑t

i,j=1 1yi>yj∧f(xi)≤f(xj)∑t
i,j=1 1yi>yj

.

Then experiment was performed for 20 selected indi-
viduals from each dataset, we report mean values and
standard deviations of the pairwise misranking in Ta-
ble III.

Table III. RANKING PERFORMANCE

Dataset Pairwise Misranking LBGI
mean standard deviation

DIAdvisor 17.5% 7.6% 46%
Diabetes Data Set [15] 20.8% 4.5% 42%

V. CONCLUSIONS

Diabetes management is challenging domain for med-
ical scientific research. Our algorithm for prediction of
nocturnal hypoglycemia uses available self-monitoring
data, this computational procedure can be incorporated in
self-monitoring devices or applications. We conclude that
the algorithm offers assessments of the risk of nocturnal
hypoglycemia and it can be used for improvement in
glycemic control. It is also worth to note that our method
can be used as NH-indicators for both type 1 and type 2
diabetes patients.

However, further investigation is required to reduce
complexity of ranking problem and to adjust partition of
the data space into clusters. To adapt the algorithm to new
situations and new observations the techniques for online
machine learning may be applied.
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