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ABSTRACT

Background and objectives: The composition of the ltalian population is rapidly changing due to the massive
phenomenon of migration. Health data of natives and documented migrants are easily accessible, but this does not
happen for the growing population of undocumented migrants. Since type 2 diabetes mellitus is one of the main
causes of morbidity and mortality also in developing countries, we propose a method to identify the undocumented
diabetics based on the only available data, i.e. the drugs dispensed to them by charities.

Methods: In this pilot study, we analysed the databases of two ltalian non-governmental organisations (NGOs)
confaining the records of all drugs dispensed to 12,386 undocumented migrants from January 1¢, 2013 to December
314, 2016, with the aim to identify patients treated for type 2 diabetes (T2D) on the basis of demographic data
and dispensed medicines. Medications were classified according to the Anatomical Chemical Therapeutic (ATC)
classification. All the patients with at least one dispensation per year of any A10 (antidiabetic) drug were selected.
An algorithm to match this observation with the diagnosis of T2D was developed.

Results: The algorithm identified 660 patients with T2D. An ex-post evaluation carried out on 400 of these patients
demonstrated a full concordance with the diagnostic records. VWhen our patients were grouped according to ethnicity,
we found that all ethnic groups contributed a comparable percentage of patients with T2D. Also, no difference was
seen between the group of EU citizens living in poverty cared for by the NGOs and any of the ethnic groups.
Conclusions: This algorithm can be fested in other situations to identify patients treated for T2D when no diagnostic
codes are available; if its efficacy and reliability are confirmed, this method could become a useful tool for different
aspects of public health.
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INTRODUCTION

The International Classification of Diseases (ICD) was
introduced for the first time in the seventies as a tool to code
the causes of death, and subsequently it was adjusted to
clossify diseases into categories for administrative and
reimbursement purposes [1]. Currently, its ninth and fenth
revisions (ICD-Q and ICD-10) are widely used.

Usually, health researchers use the administrative
ICD databases in the study of diseases, mainly for
epidemiological evaluations and death cause analysis.
Thus, these electronic data bases are turned into a
disease surveillance tool, but some limitations exist, due
fo the fact that this is not the original aim for which they
were designed. For example, it has been demonstrated
that death causes can be more accurately defined
using a statistical method able to reduce the impact of
misclassification instead of the raw ICD-Q (and ICD-10)
codes [2]. For outpatients, problems can raise from the fact
that, for every consultation, the physician can arbitrarily
choose the code of the presenting complaint or that of
an underlying chronic condition. For in-patients, there
should be a more accurate classification, since ICD-Q are
used for billing purposes by skilled personnel, but still this
does not prevent possible medical inaccuracy. Typically,
two different codes can sometimes be used for the same
clinical problem, while the same code can describe two
different clinical entities. This is the case, for example,
for the ICD code 410.9, comprising both myocardial
infarction with elevation of the ST segment and myocardial
infarction without elevation of the ST segment [3].

To increase the accuracy and reliability of electronic
databases, specific algorithms are developed, taking
into account other available information in adjunct to
administrative codes. This is the case, for example, for
myocardial infarction [4] and diabetes [5-7]. Getfing
complete and reliable information is of paramount
imporfance for any public health infervention and
especially to implement, in the coming years, adequate
and susfainable policies to deal with the increasing
and multifaceted epidemic of chronic non-communicable
diseases [8]. This problem is made more complicated
by the changing composition of the resident population,
os a consequence of continuous migration from areas
of war, poverty and persecution and by the fact that
undocumented migrants, escaping medical surveillance,
are a growing part of this migratory flux [?]. Having
relioble epidemiologic dafa on chronic diseases as
diabetes and hypertension in such a peculiar population
is therefore becoming mandatory but, of course, there are
no administrative databases available. For diabetes, a
starting point can be the dispensation of insulin and oral
hypoglycaemic agents to undocumented migrants cared
for by charities. These charities keep a record of the drugs
they distribute and they usually collect some other data
for each patient: age, gender and ethnicity; only few

keep accurate diagnostic records using ICDQ codes. A
diagnostic tool as an algorithm for diabetes screening has
therefore to rely on this sparse available information.

In this study we describe an algorithm that we
developed to identify patients with 72D in a large
population of undocumented migrants and the evaluation

of its reliability.

METHODS
Setting and data source

In Milan, ltaly, there are several NGOs providing
medical assistance to the steadily growing population
of undocumented migrants. All of them have to meet the
standards required by our national health authority for
medical activity.

Among them, two are bigger, have excellent standards
and keep electronic records of all the persons seen in their
outpatient clinics; these charities are the "Opera San
Francesco” (OSF) and the “Fratelli di San Francesco” (FSF).
In their dafa bases all the patients are identified with a
unique alphanumeric code and their demographic data
are recorded together with their ethnicity and medical
history. A record is generated for every consultation,
detailing the drugs dispensation, it any. In some cases
(but not always) the records also contain the ICD-Q code
related to the main diagnosis. For this study, we obtained
both from OSF and from FSF the data of patients seen from
January 1st 2013 to December 31st 2016. Demographic
data of this population, for a total of 12,386 patients
with 60,325 drug dispensations are shown in table 1.
No significant differences in age distribution were found
among the different ethnic group (P=NS).

Design of the study

This study is composed of three parts: 1) generation of
an algorithm to identify diabetic subjects and to differentiate
those with T2D from those with Type 1 diabefes (T1D)
among undocumented migrants; 2) application of the
algorithm to the population of the study and ex-post control
of its reliability in all the patients for whom diagnostic
data were available; 3) assessment of the burden of
T2D in different ethnic groups. In the two databases all
prescriptions were recorded using the ATC classification
[10]. We therefore analysed both of them to search
for any dispensation with the A10 code (comprising all
medicines used in diabetes treatment). We then looked
for all the subjects on insulin aged less than 35 years
as potential patients with T1D (7). From the remaining
patients we initially excluded women of childbearing
age on metformin, to avoid subjects possibly treated for
polycystic ovary syndrome (POS), as suggested by others
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TABLE 1. Overall population demographics

. Number of patients Percentage of patients Mean age+SD (years)
Ethnic group
Males Females Males Females Males Females

ltaly and EU 173 401 3.60% 5.30% 41+18 50+18
Eastern Europe 1644 1124 34.17% 14.84% 45£15 41£16
Northern Africa 507 2297 10.54% 30.34% 38+15 38+11
Sub-Saharan Africa 277 1011 5.76% 13.35% 4517 35+12
Asia and Middle East 439 1646 9.12% 21.74% 44114 36+11
Latin America 1771 1093 36.81% 14.43% 41+15 41+15

[7], but this not being the case, they were reintroduced.
The remaining patients were considered to have T2D. The
flowchart for the final version of the algorithm is shown in
fig 1. We also analysed the number of dispensations of
anti-diabetic drugs for each patient since, as suggested
by other authors [6], a further “selectivity filler” consisting
of at least 2 drug dispensations may be useful to avoid
diagnostic, prescription or dispensation errors. Finally,
diabetic patients were grouped according fo their ethnicity
in five groups as previously described [11] and the relafive
impact of 72D was calculated for each group of patients.

Statistical analysis

Statistical calculations were performed with the SPSS
statistical package. ANOVA with the Bonferroni correction
was used for examining differences of mean age among
ethnic groups and fo evaluate differences of age among
T2D patients in the different ethnic groups. To assess the
relative impact of T2D among the different ethnic groups
the Chi-square stafistics were used. The same was done
fo assess the concordance between the diagnosis of T2D
obtained with our algorithm and the ICD-Q codes. All
data are expressed as mean + SD, or as percentage, as
appropriate.

RESULTS

Using our algorithm we could identify 683 patients,
in a population of 12,386 undocumented migrants, with
at least one dispensation of antidiabetic drugs. Among
them, 23 were aged less than 35 years and were freated
only with insulin. So, we considered them as potential
T1D poatients. The remaining 660 patients were therefore
possibly affected by T2D.

At first we excluded from the total count of patients
on anfidiabetic drugs women of childbearing age on
mefformin (N = 50). However, when we checked their
ICDQ codes, we found that all of them had a clinical
diagnosis of T2D. Therefore this step was skipped in the
final version of the algorithm.

To assess the reliability of our algorithm, the diagnosis
of T2D obtained with its use was compared with all the
ICD 9 codes actually available in the databases [i.e.
400 subjects). We could not check the remaining 260
subjects identified as diabetics by the algorithm, since no
diagnostic informations were available for them.

As a confrol group we have randomly selected
a sample of patients of equal size (400 subjects),
categorized as non-diabetics by the algorithm.

In all the patients ex-post analysed (400 diabetics and
400 non-diabetics) we found a 100% concordance for the
diagnosis obtained with the algorithm and the diagnosis
based on the ICD-Q codes.

When we compared the subjects receiving |
dispensation of ATO medicines in one year with those
with 2 and 3 or more, we found litfle differences. Only
88 patients (13.3%) had a single dispensation in one
year, but these would have been left out it we had taken
into account only those with 2 or more dispensations per
year. Moreover, considering only the patients with 3 or
more dispensations per year would result in the loss of 82
additional subjects (12.4%), thus defermining the overall
loss of 170 diabetic patients (Fig 2).

Finally, we looked ot the percentage of patients
with T2D in the various ethnic groups. Obviously, these
percenfages give no insight into the prevalence and
incidence of diabetes in these populations, since we have
no measure of their dimensions. This information only gives
an estimate of the relative importance of diabetes among
the different diseases for which undocumented migrants
seek medical assistance. These data are shown in table
2. As can be seen no differences in mean age among the
various groups were noficed (P=0.10). On the contrary,
for sex distribution a slight prevalence of females was
present in Asians and Northern Africans (P=0.05).

DISCUSSION

Worldwide, the tofal number of migrants exceeds 200
million and is steadily increasing. In ltaly, immigrants already
account for almost 10% of the population. By 2050, in the
United Stafes 1 in 5 residents is expected to be an immigrant
[12] and in the United Kingdom the maijority of residents
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TABLE 2. Patients with T2D in the different ethnic groups

. Number of patients Percentage of patients Mean age+SD (years)
Ethnic group
Males Females Males Females Males Females

ltaly and EU Q 26 5.5% 6.9% 46+6 63+6
Eastern Europe 63 62 3.8% 5.5% 49+12 49+12
Northern Africa 13 116 2.6% 5.1% 4810 4410
Sub-Saharan Africa 22 48 7.9% 4.7% 62+8 42+9
Asia and Middle East 26 17 5.9% 7 1% 50+10 42411
Latin America 102 56 5.8% 51% 51+15 45+9

aged 50 and over will be nonnative [13]. Beside this
growing (and ageing) population of documented migrants,
there is a population of undocumented migrants, the number
of which, though unknown, is estimated to account for up to
4% of residents [14].

While medical databoses are available for legal
migrants in the maijority of counfries including Italy [15],
data on the health status and health needs of undocumented
migrants are scanty to dafe. This poses a serious problem,
since reliable information is fundamental not only to meet
the present health needs of these populations of migrants,
but also to implement adequate public health sirategies
and resource allocation for the coming years.

The problem is urgent, since what was optimistically
called “the healthy migrant effect” [16] starts now fo be
reconsidered, not only for the inevitable exposure of seftled
migrants to ageing and environmental noxious factors such
as smoking [177 in host countries, but also because many
migrants, especially if they are refugees, have already
medical problems upon arrival [18,19] and migration itself
is an unhealthy and dangerous event [18].

For undocumented migrants, we have recently
demonstrated that infants and children are affected by
the same diseases of their nafive counterparts [20], while
adults seem to show a significant burden of chronic non-
communicable diseases [11].

On the basis of these considerations we thought that
a tool to clearly identify populations of undocumented
migrants with chronic illnesses could be useful in a number
of ways. Usually these tools are developed with the help
of defailed databases containing diagnostic codes [e.g.
ICD-9) or medical records, and this is the case also for
diabetes [5,21]. Recently, two excellent algorithms have
been developed: one allows fo distinguish and classify
patient with T1D and T2D on freatment in primary care,
starting from the Read diagnostic codes, age, and type
of treatment [/]. The second (DIABECOLUX algorithm) is
able to identify patients with treated T2D, using medico-
administrative data containing health insurance claims,
with demographic patients” data, and type and number
of hypoglycaemic drugs reimbursed in a given period of
time [6]. In our case, with a population of undocumented
migrants, we could not rely either on the occasional
ICD-Q codes or on complete medical records, let alone

insurance reimbursements. So, in our attempt, we were
forcibly taken to consider only age and dispensed
antidiabetic agents. Our algorithm was able to identify
all treated patients with 72D, but we had a minor
problem when we excluded women of childbearing age
taking only metformin. This was done to exclude those on
mefformin treatment for POS [/], but when we checked
the records manually we found that all of them had a
diagnosis of T2D. This can be due to a lower prevalence
of POS in these populations than in Caucasians, fo a
lesser awareness of this problem by doctors operating in
the charities, to a tendency to treat this disease differently
in these populations, or fo a combination of these factors.
We therefore decided to skip this step in the final version
of our algorithm. In this we are also supported by other
authors, who, as well, do not use this correction in their
algorithm, though they developed it in o population
assisted by an EU National Health Service [6].

Another possibly problematic issue is the choice of
an age threshold of 35 years to distinguish patients with
T1D from those with T2D, as suggested by other authors
[7] in agreement with what is proposed by the Royal
College of General Practitioners [22]. A higher age
threshold has also been used [6], but in our patients we
have chosen a lower limit, not only in consideration of
their relafive low mean age, but also for the earlier onset
of diabetes in some ethnical groups [23]. Considering
as potential patients with T1D all the subject on insulin
aged less than 35 years does not exclude the pediatric
patients who develop T2D, a reality which must not be
underestimated also in consideration of the early onset of
severe complications [24].

A few considerations have to be made on the fact
that we have chosen one single dispensation of any AT10
drug in one year as sufficient evidence for diagnosing a
patient as diabetic. Different approaches can be found in
literature. Some authors consider necessary two or three
prescriptions per year fo avoid diagnostic errors [6], while
others suggest that when ICD-Q codes are available, a
single physician’s service claim in two years is enough [5].
Increasing the number of observations/events fo increase
specificity did not seem accepfable in our unstable
population of undocumented migrants because of the
unacceptable reduction in sensitivity. Indeed, our algorithm
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FIGURE 1. Flowchart of the algorithm. The dotted lines indicate steps skipped in the final version.
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yielded no false positive, while dropping the subjects
with only one prescription we would have lost 13.3% of
patients. However, it is inferesting fo notice that more than
70% of our patients had three or more dispensations per
year. This could be an indicator of a cerfain adherence to
freatment, which is quite unexpected in such a population,
since it depends from many factors, including aftitudes,
intentions and perceived behavioural control [24] and
religious beliefs and habits [26].

When we looked at the contribution given by the
different ethnic groups, we found that diabetes is a reason
for seeking free medical help for all of them, without
significant differences, as demonstrated by the fact that
the percentage of diabetics is comparable in all the
groups. Also, no difference was seen between the EU
group and any of the other ethnic groups. This is partly
surprising since diabetes is known to have an increased
prevalence in some populations of migrants [18,27,28],
so it was reasonable fo expect a greater confribution by
the ethnic groups with a greater prevalence. Of course we
have no indication on the prevalence of diabetes in the
various ethnicities to which our groups of patients belong.

FIGURE 2. Number of diabetic patients with only 1, only 2
and 3 or more A10 drug dispensations per year

— 600

(490)

Number of
patients

1 2 3

Number of ATC A10 drugs dispensations per year
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Therefore we can drow no general conclusions, also
because other factors, besides ethnicity, are playing a role
in the ethnic disparities in T2D, and socioeconomic factors
can be more relevant than ethnicity itself [29]. We can
only say that the algorithm described in the present study
is able fo reliably detect patients treated for T2D without
recurring fo administrative codes, but only on the basis of
drug prescriptions/dispensations, though we are aware
of its many limitations. If our preliminary observations are
confirmed in better defined and sampled populations, they
could represent the starting point for further studies aimed
fo investigate cardiovascular comorbidities in  diabetic
undocumented migrants, in consideration of the increasing
prevalence of T2D, ifs diminishing age of onset and ifs
association with early complications, especially in certain

ethnic groups [23,24,27,30].
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