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Abstract: Molecular genetic techniques allow for the diagnosing of hereditary diseases and congenital
abnormalities prenatally. A high variability of treatments exists, engendering an inappropriate clinical
response, an inefficient use of resources, and the violation of the principle of the equality of treatment
for equal needs. The proposed framework is based on modeling clinical pathways that contribute
to identifying major causes of variability in treatments justified by the clinical needs’ variability as
well as depending on individual characteristics. An electronic data collection method for high-risk
pregnant women addressing genetic facilities and laboratories was implemented. The collected data
were analyzed retrospectively with two aims. The first is to identify how the whole activity of genetic
services can be broken down into different clinical pathways. This was performed by building a
flow chart with the help of doctors. The second aim consists of measuring the variability, within and
among, the different paths due to individual characteristics. A set of statistical models was developed
to determine the impact of the patient characteristics on the clinical pathway and its length. The
results show the importance of considering these characteristics together with the clinical information
to define the care pathway and the use of resources.

Keywords: clinical pathways; regression analysis; statistical models; genetic tests; logistic regression;
pseudo Poisson maximum likelihood

1. Introduction

A prenatal diagnosis includes a set of procedures designed to recognize, or exclude,
the presence of fetal congenital abnormalities. The proper application of these diagnostic
techniques is primarily intended to provide an accurate result, to provide information
about the risks associated with them, especially when we are burdened by a significant
degree of specific diseases. The fast development of new molecular genetic techniques has
allowed for broadening of the spectrum of hereditary diseases and congenital abnormalities
that are diagnosed prenatally. For the same genetic problem or genetic disease, therefore,
a high variability of treatment exists, and this causes perhaps not only an inappropriate
clinical response but also an inefficient use of resources, together with the violation of the
principle of fairness, a fundamental principle of the national health service in Italy, where
the system should ensure that there is equality of treatment for equal needs.
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In this general context, the specific objective of this study consists of identifying major
causes of variability in treating high-risk pregnancies, separating the variability justified by
the clinical need from the variability depending on individual characteristics.

The point of view taken in this study is of the patient’s perspective, following the
so-called clinical pathways [1,2], as suggested in the Report of the Ministerial Committee
of Genetics in the Italian National Health Service [3].

Clinical pathways are a recognized tool to improve the performance and quality of
care provided for a well-defined group of patients who journey across the entire continuum
of care, from prevention and screening to recovery or palliative care. This approach also
guarantees resource optimization from the pathway analysis to arriving at a fair estimation
of the quantity of the necessary resources [4].

Modeling clinical pathways had wide applications within the last two decades [5–8]. The
increase in data availability and technology performance in big data analyses provided a new
opportunity to analyze and monitor the clinical pathways through the computerization of
many activities and the easiest collection of clinical and hospital data [9]. The use of pathways
is focused only on clinical data, as the main information needed is provided by the disease.
However, as it is used in socioeconomic analyses, it is useful to provide a holistic approach
that is able to capture not only clinical information but also other characteristics such as health
deprivation, education, and more.

As reported in [10], the effectiveness of pathways analysis is heavily dependent on
individual characteristics and the conditions under which the pathways are implemented,
which should be based on evidence. The factors affecting pathways to care for children
and adolescents with complex vascular malformations were identified in [11]. The authors
provided a qualitative study that identified them such as individual characteristics, health
care systems, clinical characteristics, social support networks, and scientific progress.

It is important to implement an adaptive approach for modeling clinical pathways for
the high variability of patient trajectories and their individual characteristics [12]. Through
the adoption of techniques and tools such as data and process mining, graphs, and nets,
patterns of the clinical pathways can predict the trajectories of new patients [8,9]. In the
international literature, some studies propose regression analyses for CP and non-CP
diagnoses, respectively, to detect annual utilization and cost changes, controlling for any
individual characteristics. The most basic approach consists of assuming a Poisson process
to describe the probability of observing inpatient stay, conditional on explanatory variables
such as age, gender, job status, and year [13].

In [14], the authors analyzed changes in the utilization and costs for the conditions
entering clinical pathways from 2010 to 2012, using various regression analyses, controlling
for individual factors, to model the patterns in year-to-year changes regarding the length of
stay and medical costs for clinical-pathway and non-clinical-pathway patients, respectively.
A recent study focused on the identification and exploration of the hospital admission risk
factors associated with the hospital length of stay by applying a relatively novel statistical
method for counting data using predictors among COVID-19 patients, controlling for
unobserved individual characteristics in the regression models [15].

To our knowledge, and through looking into the international literature, in the genetic
services there are no studies that explore the patient individual characteristics that might
affect the presence of a specific diagnostic pathway and the overall pathway length.

From an economic point of view, moreover, the pathway analysis is the first step
towards a correct valorization of the resources used for this type of service [16]. At present,
most of the activities are reimbursed simply by paying for productive inputs (personnel,
goods, materials), or at a rate within the framework of specialist services that are very
compartmentalized in the current tariff, without any consideration of the appropriateness
of the path followed by the patient, whether the patient receives the appropriate mix
of services, and the final result or outcome. Reasoning according to clinical pathways
would make it possible to overcome these issues to arrive at a comprehensive pathway
remuneration model that takes into account both clinical severity and care complexity.
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The structure of this manuscript is as follows: In Section 2, we report the materials and
methods, according to the problem addressed together with the modeling definition; in
Section 3, we present the results in terms of data characteristics, identification of paths and
their modeling using flow charts, and the analysis of the determinants of path variability,
the regression models developed and the information obtained using the statistical models.
In Section 4, we report the discussions on the results of the regression model information
and the conclusion of the study.

2. Materials and Methods

The analysis is retrospective and refers to data collected in the period January–
December 2011 at three clinical genetics and laboratory operating units (located in Bologna,
Ferrara, and Imola) of the Emilia Romagna Region in Italy. The criteria for enrolling pa-
tients and for choosing the relevant data to identify the complexity of care were defined in
collaboration with the staff of the operating units involved in the project. The first part of
the research resulted in the development of a patient-centered dedicated database.

Then, the individual pathways were analyzed for homogeneous groups of admission
types, resulting in corresponding decision trees complete with the details of the relevant
path with the collaboration of the operating unit staff. The variability between and within
each pathway was identified by employing a set of process indicators (path length, tests,
and outcomes).

The last part of the research used statistical modeling techniques to identify the
relevance of individual characteristics in determining differences in the length of each
specific pathway, which was assumed to be a proxy for care complexity and, ultimately,
also for the cost of treatment and allocation to different pathways. We go into the details of
each part below.

2.1. Data Collection

This part of the research was carried out in three phases. Initially, the methods and
contents of the data collection tools were defined, i.e., using ad hoc forms to collect data
useful for modeling the clinical pathways and their evaluation. In the second phase, data
were collected in the period from January to December 2011, and, in the third phase, the
data collected were reprocessed to obtain data records providing, for each patient, all
the information of interest relating to the pathway followed (medical history, reasons for
admission, dates of visits, examinations performed, outcomes, risk, indication of prenatal
diagnoses, and so on).

The data thus structured have led to the creation of a database that creates complete
information centered on the patient, capable of reconstructing the overall pathway, from
patient arrival to exit diagnosis. The work was particularly complex because we started
from a situation in which there was no data sharing between the laboratory and the clinical
facility until we were able to follow the patient’s entire treatment course.

2.2. Pathways Identification

The data collected enabled the identification of homogeneous groups of patients using
clinical pathways. The basic criterion for identifying the pathway was, at the suggestion
of the medical doctors and the operating unit staff, the motivation for the admission, i.e.,
whether the patient came to the genetics hospital center because the patient was older (more
than 35 years old), or because there were already high-risk pregnancies in the family, or
because the mother was exposed to risk factors during the beginning of the pregnancy. Since
the same patient could also present multiple motivations, it was necessary to identify, with
the help of the medical doctors, the most relevant motivation for the pathway, and several
motivations that provided indications of similar clinical pathways were then aggregated.

Once the clinical pathways had been identified which, on a theoretical level, based
on the motivation (or motivations) made it possible to determine what the services to
be provided should be, an attempt was made to choose, using the historical data from
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the database, which indicators could best describe what the pathways followed by the
patients were. In the case of clinical pathways, it is considered that the patient’s perspective
(outcome indicators) and the internal organizational perspective of the operating unit
(process indicators) should be taken into account above all [16].

The outcome indicators are those linked directly to the final or intermediate result of
the management of the patient through the pathway. Process indicators are linked to the
services provided, activities, and roles and, above all, to the time needed to complete the
pathway. It is evident that each pathway is assigned to patients who are similar in terms of
relevant clinical characteristics (in our case defined by the motivation) but not perfectly
homogeneous. To highlight this circumstance, descriptors and indicators are presented in
the following tables to highlight the specific characteristics of the patients assigned to the
different pathways (e.g., in terms of age and previous pregnancies), but also differences
concerning the types of examinations performed and the time taken to complete the entire
diagnostic course. Descriptors and indicators were calculated separately for both Italian
and foreign patients because different nationalities proved to be an important factor in
determining diversity in clinical pathways.

The pathways thus identified were then, again with the help of the operating unit
medical doctors, translated into flow charts to better visualize the actual clinical pathway
followed by the different patient flows between the different phases from the time of
admission to the final diagnosis [17]. The proposed modeling, based on flow charts, made
it possible to summarize the activity of the structures and to study the dynamics and
variability of the different paths followed by women with risky pregnancies within the
Regional Health Service. It was also possible to quantify the numerical flows of patients
passing through the different decision-making nodes. This tool highlights in detail the
diagnostic choices made in current practice for the patients in the sample, to verify their
clinical appropriateness, even if it is outside the scope of this research study.

2.3. Analysis of the Determinants of Variability between and within Pathways

The creation of homogeneous groups of cases and the modelling of their diagnostic
process within the facilities explains much of the variability in treatment, but there is
still residual variability both in the allocation to individual clinical pathways, but also
within the same pathway. In reality, the cases are homogeneous but not entirely identical
both in terms of clinical motivation and also because of different individual characteristics
exogenous to their motivation (e.g., the number of weeks of pregnancy at the first visit or a
different nationality).

This means that with the same motivation for admission, some patients receive a
diagnosis in a shorter time while others need additional investigations. This variability
generates a different care complexity which, for the same clinical severity, implies a greater
use of resources and more time spent within the pathway, i.e., overall a higher cost and a
late diagnosis for the patient. The hypothesis assumed here, described using the conceptual
model presented in Figure 1, is that the care complexity, quantified by the length of the
clinical pathway, derives not only from clinical reasons, certified by the physician at the
time of referral but also from individual characteristics that influence also the motivation
(diagnostic question) leading the physicians to the start of the clinical tests and genetic
investigation (dotted line).

It should be noted that the cost of the clinical pathway would have been a better
indicator of the complexity of care because it would have made it possible to incorporate
the monetary value of all the resources used. The available data, however, do not allow
us to quantify these costs. The only possibility would be to dispense with an estimate of
the actual production costs, resorting to the tariffs recognized by the national list for the
individual services constituting a pathway. This way of proceeding, however, did not seem
correct because at present the tariff list does not seem to reflect the production cost and, in
particular, underestimates the resources, sometimes quite substantially, used for counseling
activities. For this reason, it was preferred to conduct the analysis by considering only the
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length of the pathway as the dependent variable for the cost. To identify the determinants
of variability between paths and within the same path, it was decided to carry out two
types of analyses, and, consequently, two different regression techniques were chosen:
Logit and Poisson maximum likelihood [18–21].
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The first analysis aimed to study the variability in the allocation of patients to clinical
pathways, conditioned for the individual characteristics of the patients. In this case, the
dependent variable is a binary variable, equal to one if the patient is assigned to a certain
pathway, and equal to zero otherwise. The estimate provides the probability of being in
a specific clinical pathway, given a set of individual characteristics. The technique used
to answer the first question is the logistic or Logit regression. This technique allows us to
find for each independent variable or predictor the corresponding marginal effect, i.e., the
probability that a given outcome (in our case the assignment to a specific pathway) occurs
or does not occur when one of the independent variables varies.

The second analysis, on the other hand, aims to assess whether the length of the clinical
pathway is correlated with individual characteristics. In this case, the dependent variable,
the pathway length, is a continuous quantitative variable, and, therefore, it is possible to
use the maximum likelihood estimate that assumes a Poisson distribution of the residuals,
the pseudo-Poisson maximum likelihood (PPML). This technique considers the probability
distribution of the dependent variable. The results obtained are then compared with a
simple ordinary least square (OLS) estimate, for which a specification test is subsequently
performed.

For the choice of regressors, i.e., the individual characteristics determining variabil-
ity, a descriptive analysis was carried out on the available data, considering that these
characteristics are expressed both with quantitative variables (e.g., number of previous
pregnancies, age) and with qualitative variables (e.g., Italian or foreign).

3. Results

The large amount of data collected (all information on 2119 patients from January
to December 2011) was entered into a dedicated database, which served as the basis for
our processing.

3.1. Identification of Clinical Pathways

In Table 1, we report the main motivations, i.e., the diagnostic questions, reported by
the clinicians at the time of referral. The list includes pathologies (e.g., genetic, cytogenetic,
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chromosomal) and exposures (e.g., radiation, drugs, infection) that might impact the health
of the fetus.

Table 1. List and description of the motivations for clinical investigation.

Motivation Description of the Motivation for the Diagnosis

1 Gene pathology in the family
2 Chromosomal pathology in the family
3 Multifactorial/heterogeneous pathology in the family
4 Undefined or other pathology in the family
5 Fetal ultrasound pathology
6 Cytogenetic fetal pathology
7 Fetal screening
8 Maternal exposure to radiation
9 Maternal exposure to drugs
10 Maternal environmental exposure
11 Maternal infection exposure
12 Consanguinity
13 Maternal age (EMA)—Chorionic villi
14 Maternal age (EMA)—Amniotic fluid
15 Non-specific indication

The first step for the modeling was to assign each patient to a motivation, i.e., the
diagnostic question, because, according to Evidence-Based Medicine (EBM) guidelines,
assignment to a specific diagnostic treatment protocol should depend on this [22,23].

In Table 2, the number of motivations recorded for the 2119 patients is reported. We
observe that the majority of patients (1866) present only one motivation, but a substantial
number (253) present two or more entry motivations. It is evident that in the case of patients
with only one motivation, the allocation of patients to the specific protocol was completed
automatically by the information in the database. For the others, with double motivation
or multiple motivations, the association to the pathway was made with the support of the
medical doctors of the operating units involved.

Table 2. Distribution of the number of motivations assigned to patients.

Motivations Assigned to Patients Number of Patients

One motivation 1866
Two motivations 239

Three motivations 13
Four motivations 1

Total 2119

As a result, it was possible to agree on some general allocation rules (Table 3). This
was, however, only possible for 210 patients. The other 43 were considered to be special
cases and had to be assigned one by one.

Table 3. Rules for assigning patients to a motivation group.

Composition of Motivation Codes Number of Patients

(Maternal age (EMA)—Chorionic villi OR Maternal age
(EMA)—Amniotic fluid) AND Other = Other 149

(Maternal exposure to radiation OR Maternal exposure to drugs
OR Maternal environmental exposure OR Maternal infection

exposure) AND Other = Other
12

Non-specific indication AND Other = Other 48
Double motivation with the same code = Code 1

Total 210
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Subsequently, considering the diagnostic–therapeutic protocols prescribed by medical
practice for different cases, again on the recommendation of the medical doctors, it was
possible to aggregate the different groups of motivations, thus arriving at the definition of
16 clinical pathways that identify homogeneous groups of patients in terms of the type of
services to be provided (Table 4).

Table 4. The characteristics of the identified clinical pathways: motivation groups and numerosity.

Clinical Pathway Motivation Codes Number of Patients

A1 Maternal age (EMA)—Chorionic villi 491
A2 Maternal age (EMA)—Amniotic fluid 775

B1 Gene pathology in the family OR Chromosomal
pathology in the family 370

B2 Chromosomal pathology in the family 47

B3 Multifactorial/heterogeneous pathology in
the family 71

B4 Undefined or other pathology in the family 9

B5 Fetal ultrasound pathology OR Cytogenetic fetal
pathology OR Fetal screening 194

B6
Maternal exposure to radiation OR Maternal

exposure to drugs OR Maternal environmental
exposure OR Maternal infection exposure

115

B7 Non-specific indication 4

C1 Gene pathology in the family AND Chromosomal
pathology in the family 5

C2
Gene pathology in the family AND

Multifactorial/heterogeneous pathology in
the family

17

C3
Gene pathology in the family AND (Fetal

ultrasound pathology OR Cytogenetic fetal
pathology OR Fetal screening)

8

C4
Chromosomal pathology in the family AND
Multifactorial/heterogeneous pathology in

the family
1

C5
Multifactorial/heterogeneous pathology in the
family AND (Fetal ultrasound pathology OR

Cytogenetic fetal pathology OR Fetal screening)
7

C6

Gene pathology in the family AND Chromosomal
pathology in the family AND

Multifactorial/heterogeneous pathology in the
family

4

C7
Gene pathology in the family AND

Multifactorial/heterogeneous pathology in the
family AND Fetal ultrasound pathology

1

Total 2119

The most consistent flows are those corresponding to Motivations 13 and 14, referred
to overall as type-A pathways, corresponding to the Maternal Age (EMA) motivation.
Type-B pathways are those corresponding to single or multiple motivations identified
using rules (the 210 cases reported in Table 3), and type C refers to the 43 individually
assigned patients.

3.2. Main Descriptors and Indicators by Clinical Pathway and Nationality

The amount of information contained in the database made it possible to extract many
descriptors and indicators to quantify the characteristics of the diagnostic process carried
out and the corresponding outcomes, i.e., to consider both the point of view of the facility
and that of the patients. The main ones are indicated below.
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Tables 5 and 6 show the distribution by clinical pathway of patients in the three
facilities and by age, respectively. Given the low number of patients in the type-C clinical
pathways, the data from these pathways were considered together. For each clinical
pathway, a further distinction was made between Italian (I) and foreign (F) patients. The
last two rows of Table 5 show the percentages, respectively, of the total sample, and of the
composition, within each pathway, of Italian women and those of a foreign nationality.
This subdivision appeared necessary because foreign women now have a rather relevant
consistency within some pathways. In B1, they make up more than a third, but about a
fifth are also in B3 and B6, and, even in the two A pathways referring to maternal age, they
reach a rather high percentage close to 10%.

Table 5. Distribution of patients in the sample by territory and by clinical pathway.

Age
A1 A2 B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F I F I F

Bologna 351 25 305 32 78 18 20 1 23 4 3 0 73 9 1 0 0 0 4 1 351
Ferrara 88 11 239 14 152 105 11 2 21 8 2 0 76 11 92 21 4 0 26 8 88
Imola 15 1 159 26 12 5 9 4 12 3 3 1 16 9 0 1 0 0 3 0 15

Total 454 37 703 72 242 128 40 7 56 15 8 1 165 29 93 22 4 0 34 9 2119
% total 21 2 33 3 11 6 2 0.5 3 1 0.5 0 8 1 4 1 0 0 2 1 100
% path 92 8 91 9 65 35 85 15 79 21 89 11 85 15 81 19 100 0 79 21

Table 6. Distribution of patients in the sample by age and clinical pathway.

Age
A1 A2 B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F I F I F

15–24 0 1 0 0 15 30 3 0 4 3 0 0 9 2 11 5 0 0 8 3 94
25–34 19 1 69 8 113 72 21 6 28 9 6 1 65 10 50 12 3 0 17 6 516
>35 435 35 634 64 114 26 16 1 24 3 2 0 91 17 32 5 1 0 9 0 1509

Total 454 37 703 72 242 128 40 7 56 15 8 1 165 29 93 22 4 0 34 9 2119

The categories with the highest frequency of cases are, in addition to those related
to maternal age (A1 and A2), genetic disorders in families with consanguinity (B1), ultra-
sound, cytogenetic or fetal screening disorders (B5), and finally the category of maternal
environmental, drug, radiation, and infection exposures (B6).

Table 7 shows, for each pathway, the anamnestic data referring to previous pregnancies.
In this case, the total per line does not correspond to the total of the sample because the
same patient may also have had more than one previous pregnancy. In the Table, moreover,
data on the absence of previous pregnancies are not reported.

From Table 7 it can be seen, for each previous pregnancy and for each clinical pathway,
which is the main cause of recourse to genetic services and how the number of foreign
patients (reported as F in Table 7) is quite similar to those of Italian patients (reported as
I in Table 7). The greatest recourse to clinical genetic pathways occurs when the patient
has had a previous pregnancy that was generally carried to term. Another important
reason for resorting to requesting a clinical genetic pathway occurs when there has been a
previous miscarriage: the patient likely wants to investigate whether there may be genetic
complications that could generate miscarriages, or even in the case of voluntary preg-
nancy interruption (VPI), as it is possible that on discovering certain genetically inherited
pathologies the patient has decided to terminate the pregnancy.

While the previous tables reported data and indicators referring to the characteristics
of the demand expressed by the patients, the following Tables 8 and 9, instead, report some
process indicators, i.e., the services provided to the patients. With reference to the type of
genetic test carried out by the patients in Tables 8 and 9, the distributions of the patients
within the different pathways are highlighted. In this case, pathway A (maternal age) does
not appear because it does not provide this type of service. Table 8 reports the examination
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with a fetus, and Table 9 reports the examinations without a fetus. The examinations
performed ‘with the fetus’ are the genetic examinations completed directly on the fetus,
and they lead to a more accurate investigation when previous investigations performed on
the mother’s or relatives’ genes (without the fetus) did not provide clear information to
proceed to a diagnosis. Chromosomal investigation on the fetus is often performed at the
end of the course because it can be a risk factor for the development of the fetus and the
progress of the pregnancy.

Table 7. Distribution of patients by anamnestic data on previous pregnancies by clinical pathway.

Anamnestic
Data

A1 A2 B1 B2 B3 B4 B5 B6 B7 C1–C7
Total

I F I F I F I F I F I F I F I F I F I F

Live birth 44 8 41 30 24 38 8 3 13 4 3 1 34 25 4 1 1 0 17 3 302
Stillborn 1 0 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 1 1 6

Term birth 21 6 19 10 11 9 4 1 4 2 0 0 19 15 0 0 0 0 3 1 125
Preterm

birth 1 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3

Miscarriage 35 7 31 13 7 18 12 3 8 13 1 0 18 13 0 0 1 0 11 5 196
VPI 6 1 6 3 6 8 3 3 2 0 0 0 10 3 1 0 0 0 3 0 55

Total 108 22 98 58 48 73 27 10 27 20 5 1 81 56 5 1 2 0 35 10 687

Table 8. Distribution of genetic testing performed by patients by clinical pathway (with fetus).

Genetic Test (with Fetus)
B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F

Not inserted 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 2
High resolution cytogenetic 0 0 2 0 0 0 0 0 3 0 0 0 0 0 4 2 6

Molecular cytogenetic 1 0 25 0 3 0 0 0 3 1 0 0 0 0 1 0 11
Standard cytogenetic (karyotype) 39 19 0 3 13 6 3 0 96 23 1 1 1 0 24 10 260

Molecular CGH-Array 1 1 2 0 0 0 0 0 3 0 0 0 0 0 0 0 5
Molecular direct 325 273 0 0 26 2 1 29 6 0 0 0 0 55 17 728

Molecular indirect 1 1 4 0 0 0 0 0 0 0 0 0 0 0 0 0 2
Molecular UPD/Methylation 0 0 0 3 0 0 0 9 2 0 0 0 0 3 0 21

Total 368 295 34 3 45 8 4 0 143 32 1 1 1 0 87 29 1035

Table 9. Distribution of genetic testing performed by patients by clinical pathway (no fetus).

Genetic Test (no Fetus)
B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F

Not inserted 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2
High resolution cytogenetic 0 0 1 0 0 0 0 0 2 0 0 0 0 0 0 2 5

Molecular cytogenetic 0 0 1 0 3 0 0 0 0 0 0 0 0 0 1 0 5
Standard cytogenetic (karyotype) 1 0 13 3 9 4 3 0 23 12 0 0 0 0 9 6 83

Molecular CGH-Array 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2
Molecular direct 249 239 0 0 24 2 1 0 23 5 0 0 0 0 42 16 601

Molecular indirect 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
Molecular UPD/Methylation 0 0 2 0 3 0 0 0 2 0 0 0 0 0 2 0 9

Total 252 242 17 3 39 6 4 0 50 17 0 0 0 0 54 24 708

Tables 10 and 11 below present the results of the examinations carried out: it can be
seen that about 50 percent provide a positive result (with high percentages of abnormal
carrier and other abnormalities), so it can be assumed that they are appropriate, i.e., that
there was a well-founded reason for further genetic investigation.

From the above tables, it is clear that the patients included in the different pathways
are different from each other in terms of demographic characteristics, previous pregnancy
conditions, use of private services, etc. In addition, within the same pathway, there is a
difference between Italian and foreign patients. Although the distribution of the patients is
rather heterogeneous, it is evident that there was fairness of treatment, as the difference
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in nationality (depending on the clinical pathway) does not cause significant variations
between patients.

Table 10. Distribution of examination outcome (with fetus) by patients by clinical pathway.

Outcome (with Fetus)
B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F

Not inserted 28 6 5 0 2 3 0 0 12 0 0 1 0 0 7 3 67
Anomalous not defined 5 1 0 0 0 0 0 0 2 1 0 0 0 0 0 1 10
Anomalous pathological 17 16 1 0 2 0 0 0 8 2 0 0 0 0 4 1 51

Anomalous carrier 153 145 6 0 2 0 0 0 13 6 0 0 0 0 16 1 342
Normal 165 127 22 3 39 5 4 0 108 23 1 0 1 0 44 23 565

Total 368 295 34 3 45 8 4 0 143 32 1 1 1 0 71 29 1035

Table 11. Distribution of examination outcome (no fetus) by patients by clinical pathway.

Outcome (no Fetus)
B1 B2 B3 B4 B5 B6 B7 C1–C7

Total
I F I F I F I F I F I F I F I F

Not inserted 23 5 3 0 2 2 0 0 0 0 0 0 0 0 6 2 43
Anomalous not defined 4 1 0 0 0 0 0 0 1 0 0 0 0 0 0 1 7
Anomalous pathological 5 6 0 0 1 0 0 0 0 0 0 0 0 0 0 1 13

Anomalous carrier 119 130 3 0 2 0 0 0 13 5 0 0 0 0 12 1 285
Normal 101 100 11 3 34 4 4 0 36 12 0 0 0 0 36 19 360

Total 252 242 17 3 39 6 4 0 50 17 0 0 0 0 54 24 708

Finally, it should be noted that many other indicators could be defined and calculated
from the above data. In particular, all those that refer to the fact that genetic services are not
only provided to patients but often tests must also be carried out on relatives to highlight
any familiarity following the guidelines’ indications, which may also be of interest. The
availability of the data collected in the database allows us to obtain a lot of information;
this shows how a patient-centered data collection, which allows us to follow the patient
throughout the entire pathway, constitutes the added value of being able to ask questions
about the treatment ‘process’, thus identifying both its effectiveness and the effective use
of resources.

3.3. The Definition of Clinical Pathways

In this section, we consider the process perspective, adhering to the clinical pathway
approach, which can be defined as “. . . a multidisciplinary structured care plan, containing
the sequence and timing of activities to be performed on a given patient affected by a given
pathology, based on technical and scientific knowledge and the organizational, professional
and technological available resources” [24–26]. With the available data, an attempt was
made to identify the flows of patients belonging to the 16 identified pathways through
the various stages of their journey to exiting. Although the pathway under consideration
is relatively simple since it consists of a set of activities aimed at obtaining a diagnosis,
the decision-making process is by no means simple, and the description of the flows is
particularly complex. It is a matter of defining the several sequential phases into a flow
chart with the corresponding decision nodes and the characteristics that cause a patient to
be directed towards one pathway rather than another. The perspective is that of the overall
health service (clinical genetics and laboratory services).

Figure 2 shows the first part of the flow chart describing the sample flows of the
2119 patients analyzed. The first distinction is between patients who accessed the facility
due to their age (type A pathways) and all others (who are collectively referred to as ‘Not-
EMA’). The connecting lines and arrows indicate the sequence of activities and the logical
and precedence links between them. The rectangles correspond to activities such as visits,
administering a questionnaire, writing a report, and so on. It is evident that each of these
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activities then consists of a set of activities also carried out by different persons, requiring
execution time, resources, and overall resources. In this study, this aspect was not evaluated,
but the construction of such a flow chart would immediately allow, if the data are available,
the association to each rectangle of a cost of the activity required and as such the monetary
value of all the resources or inputs necessary. The structures investigated were not able to
provide this data and further analyses would have to be carried out using a micro-costing
logic, based, for example, on the so-called activity-based costing methodology [27,28].

As is well known, in flow chart symbology, the rhombuses correspond to decision
nodes. These are particularly interesting moments from a clinical point of view, where
recommendations for good medical practice should be implemented. They may also
correspond to organizational choices. Each node corresponds to a question and thus a
breakdown of the patient flow can be obtained. For 1266 patients out of 1415 who came
into contact with clinical genetics services with EMA entry motivation, the pathway ends
and they exit the process. The elapsed time in this case is very short because entry and case
closure usually take place within the same day. For 149 patients, however, the pathway
continues and this group joins the group of the other 704 patients who had other reasons
for entry and are admitted directly to the other diagnostic steps.

Following the first visit, a ‘diagnostic level’ is defined for each patient, which makes
explicit the type of investigation to be carried out. Note that these diagnostic levels must
in some cases also be extended to other family members (hence the possibility of having
multiple diagnostic levels). For each diagnostic level, three types of response are possible,
in addition to the field not entered: complete gene, complete clinical, and to be defined,
which correspond to the level at which the case is framed and, consequently, the type of
investigation required to reach a diagnosis/outcome. This phase ends with a decision node
to which the question “examinations?” corresponds. In Figure 3, we start from this very
question to illustrate how the process continues.

After the details of the examinations are performed, which may be more than one
for each patient, and the resulting outcomes are recorded (Anomalous ND, Anomalous,
Carrier, and Normal), we can find the classification of the risk level of the case. This is
followed by the possible results for prenatal diagnoses, which in the case of the sample of
853 patients is recommended for 257 patients. The last branch of the flow chart indicates
the patients who underwent prenatal diagnoses and the resulting outcomes.

The flow chart created is already an important result because it allows us to enter a
process-management perspective. From such a representation, and knowing the resource
data, it might be possible to start examining the operational structures involved. The next
question one should ask oneself at this point is whether the operational support structure
is efficient, i.e., whether from an organizational point of view these flows are not subject to
bottlenecks, there are no dead times between successive phases, the right person is always
available for a certain activity (e.g., consulting), and so on. From a methodological point
of view, this means that Business Process Modelling tools (together with the supporting
extensions) [29–32] should be applied, and then, subsequently, simulation models are
able to assess whether all process indicators are satisfactory and, if not, they can identify
improvement scenarios [5].
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3.4. Analysis of Variability between and within Pathways

This section aims to show some descriptive statistics and preliminary analyses con-
cerning both the regressors and dependent variables of our statistical models and to present
the results of the statistical analysis carried out.

Descriptive Statistics

Among the variables in the database that could affect the pathways, the length of
the clinical pathway is considered a proxy for the complexity of care and the costliness of
the clinical pathway; the variables chosen as possible regressors are maternal age, week
of pregnancy (at the time of first admission to the facility), live births (from previous
pregnancies), miscarriages (from previous pregnancies), voluntary pregnancy interruptions
(VPI), and the referring medical doctor. These variables constitute the regressors of the
statistical estimates performed in the models.

The reference sample contains 2119 observations. However, a significant proportion
of observations (1266) are attributable to a particular type of pathway, of very short length
(defined as “day-hospital”) and with peculiar characteristics, which refers to the entry
motivation “maternal age”. This sub-sample (which we can define “Maternal Age-EMA”)
is rather homogeneous even though it includes two entry motivations (amniocentesis and
chorionic villi for women over 35 years old). It appears, on the other hand, rather interesting
to carry out a descriptive analysis for the other sub-sample, i.e., the one consisting of
motivations other than just maternal age, which will henceforth be referred to as ‘Not-EMA’
for brevity. Another sub-sample that appears to be interesting to examine is that of foreign
mothers. These present significantly different characteristics, in terms of age and weeks
of pregnancy. For each regressor, the statistics presented in Table 12 refer both to the total
sample and the not-EMA and foreign women sub-samples.

Table 12. Descriptive statistics for week of pregnancy and maternal age.

Mean Median St. Dev. Min Max

Sample size = 2119
Weeks of pregnancy 11.97 12 4.01 4 40
Age 35.45 36 4.92 15 48
Sample size = 853—Not-EMA
Weeks of pregnancy 12.85 12 5.46 4 37
Age 32.38 33 5.81 16 48
Sample size = 321—Foreign women
Weeks of pregnancy 13.99 13 5.35 4 40
Age 32.56 34 6.27 15 46

The mothers in the whole sample presented themselves on average at the twelfth week
of pregnancy. This result is not accidental, as the first useful information about the fetus is
generally available after the third month of pregnancy. However, in the two subsamples
considered, mothers arrived later in their gestation. Testing the hypothesis that the mean
in the not-EMA sub-sample is equal to the mean of the whole sample, we obtain a result
(4.70) that allows us to reject the hypothesis that the two averages are equal at the 5% level
of significance. The same test, on the subsample of foreign mothers, provides a result equal
to 6.71.

With respect to the average age in the total sample, an average value of 35.5 years is
recorded. This result is influenced by the fact that the sample contains mothers who have
undergone compulsory examinations due to maternal age. The probability distribution
is consequently strongly influenced by this self-selection. This is confirmed by the fact
that the average age for the not-EMA sub-sample is lower (32.5 years). A hypothesis test
that the mean is 35.45 against the alternative that it is less than 35.45 provides a result
equal to −15.43. The hypothesis that the two averages are equal can be strongly rejected.
Foreign mothers were significantly younger. The hypothesis test on the subsample of
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foreign mothers provided a result equal to −8.25. Again, the hypothesis that the mean is
equal is strongly rejected.

Figure 4 contains the estimated density functions for the variable weeks of pregnancy,
for the whole sample (a), and for the two subsamples considered: not-EMA (b) and foreign
women (c). In line with what we have analyzed from descriptive statistics, the probability
distribution of weeks of pregnancy for the entire sample is roughly symmetrical (mean
and median almost coincide), with a long tail on the right. But, in general, mothers who
access the genetics center for compulsory examinations concerning maternal age seem to
arrive at the earliest useful time, which is at the end of the third month of pregnancy. The
distribution of weeks in the subsamples is more asymmetrical and towards the right (the
mean is larger than the median in both cases), and it seems clear that the “Not-EMA” and
foreign women came to the genetics department at a later stage.

Figure 5 reports the estimated density functions for the age of the patients. For the
whole sample (a), it is evident that patients tested for maternal age skew the distribution,
which has a long tail on the left but rises rapidly towards the mean. In the density function
for not-EMA patients (b) and foreign women (c), the distribution in the sub-sample of
foreign mothers has a lower mean with respect to the full sample, although the distribution
is skewed to the left.

Note that the kernel density estimation herein presented is applied as a non-parametric
method to estimate the probability density function of the random variable based on kernels
as weights. The kernel function used is the Epanechnikov kernel, which is optimal in a
mean square error. The bandwidth is not fixed for all samples but is varied depending on
the samples. The objective of this choice is to produce a particularly powerful method for
the estimation, called variable bandwidth kernel density estimation. In Figure 4, the first
density function for the weeks of pregnancy has a bandwidth of 0.7211, the second has a
bandwidth of 1.2110, and the third has a bandwidth of 1.2621. While, in Figure 5, the first
density function for patient age has a bandwidth of 0.7211, the second has a bandwidth of
1.7805, and the third has a bandwidth of 1.3574.

With respect to the other personal characteristics in the database, they have a discrete
distribution. Table 13 summarizes the statistics for these variables, while Table 14 describes
the distribution of the referring professionals. The majority of examinations were prescribed
by the general practitioner, or by a hospital, consultant, or contracted specialist. The number
of mothers whose examinations were prescribed by private specialists is relatively small.

Table 13. Descriptive statistics for previous pregnancies.

Previous Pregnancies Live Births
(Quantity and %)

Spontaneous
Abortions

(Quantity and %)

VPI
(Quantity and %)

0
1209 1640 2046
0.570 0.773 0.965

1
709 361 71

0.334 0.170 0.033

2
166 93 2

0.078 0.043 0.000

3
30 23 -

0.014 0.010 -

4
5 2 -

0.002 0.000 -

5
- 1 -
- 0.000 -

Total 2119 2119 2119

1 1 1
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Table 14. Descriptive statistics relating to the referring medical doctor.

Referring Medical Doctor Frequency (%)

General practitioner 559 26.38
NHS specialist 265 12.51

Consultant specialist 310 14.63
Unidentified specialist 94 4.44

Hospital specialist 432 20.39
Private specialist 140 6.61

Other 319 15.06
Total 2119 100

The last descriptive statistics refer to the length of the clinical pathway, which measures
the care complexity of the clinical pathway. Table 15 reports the descriptive statistics for
the entire sample and the two subsamples considered.

Table 15. Descriptive statistics on the length of the clinical pathway.

Pathway Length (Days) Mean Median St. Dev. Min Max

Sample size = 2119 6.77 0 16.03 0 259
Sample size = 853—Not-EMA 16.27 8 21.57 0 259

Sample size = 321 Foreign women 13.24 2 22.26 0 195

As already indicated, the women examined for maternal age were not following a
proper clinical course, and their pathway length is extremely short (less than one day). The
distribution of this variable is, therefore, affected by this characteristic, and the mean of the
entire sample is significantly lower than in the two subsamples considered. The hypothesis
test applied in the previous subsection allows us to reject the null hypothesis that in the two
subsamples, the mean is equal to that of the entire sample. Figure 6 shows the estimated
length density function for the entire sample. The first density function for the length of the
pathway has a bandwidth of 0.8553, the second has a bandwidth of 4.3249, and the third
has a bandwidth of 4.4172.
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not-EMA (b) and foreign women (c).

The distribution is concentrated around the zero value, with a very long tail on the
right-hand side. This particular distribution of the dependent variable will influence the
choice of the statistical estimation technique. The distribution in the sub-samples also
appears asymmetrical towards the left, but less ‘collapsed’ around the zero value. Despite
this, it presents similar characteristics.

Finally, Table 16 shows some descriptive statistics for the distribution of clinical
pathways: belonging to a clinical pathway is, in fact, the dependent variable for the logit
models. The pathways are the same as those identified above.
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Table 16. Descriptive statistics on the distribution of patients in pathways.

Clinical Pathway Frequency (%)

A1 491 0.2317
A2 775 0.3657
B1 370 0.1746
B2 47 0.0222
B3 71 0.0335
B4 9 0.0042
B5 194 0.0916
B6 115 0.0543
B7 4 0.0019
C1 5 0.0024
C2 17 0.0080
C3 8 0.0038
C4 1 0.0005
C5 7 0.0033
C6 4 0.0019
C7 1 0.0005

Total 2119 1

Due to the low number of several clinical pathways, some of them were grouped
together in the estimates. How the pathways were grouped is described in the next section.

3.5. Statistical Analyses

This section describes the statistical analyses carried out on the collected samples. Our
objective is twofold; the first objective is to study the variability in the allocation to clinical
pathways with respect to individual patient characteristics, while the second objective is to
assess whether the length of the clinical pathway is correlated with these same individual
characteristics, i.e., whether there is a direct correlation between individual characteristics
and pathway length that does not pass through the assignment to the clinical pathway.

The technique used to answer the first question is a binary choice model that assumes
a logistic distribution of residuals (i.e., logit). The dependent variable is a binary vari-
able, equal to one if the patient is assigned to a specific pathway, equal to zero otherwise,
assessing the probability of being in a given clinical pathway given a set of individual
characteristics. Two different techniques are used to assess the direct correlation between
personal characteristics and pathway length. The first one is a maximum likelihood estima-
tion that assumes a Poisson distribution of the residuals (i.e., pseudo-Poisson maximum
likelihood). This technique takes into account the probability distribution of the dependent
variable. We then compare the results obtained with the second technique, a simple OLS es-
timate, on which a specification test is subsequently performed. The following subsections
contain the statistical estimates, divided for the three reference samples: the full sample,
the not-EMA, and the foreign women.

The initial estimates are made on the full sample. This presents the problem that a
large part of its numerosity is attributable to mothers who come to the genetics center for
age-related examinations, as has already been pointed out. This clinical pathway has very
special characteristics, as its length is zero and its cost is small. It is, therefore, extremely
likely that the estimates of the whole sample are influenced by this sub-sample.

3.5.1. Binary Models: Assignment to a Clinical Pathway—Full Sample

The estimates presented in Table 17 concern nine binary models, where the dependent
variable is a dummy equal to one if the patient is assigned to a specific clinical pathway.
The dependent variable is, therefore, the probability of being or not being in a specific
clinical pathway. The numbers in brackets indicate the Student’s t-statistics.
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Table 17. Probability of being assigned to a particular clinical pathway—LOGIT estimates.

Variables (1)
B1

(2)
B2

(3)
B3

(4)
B4

(5)
B5

(6)
B6

(7)
B7

(8)
C

(9)
A

Weeks of pregnancy 0.00245
(1.373)

−0.00233 ***
(−2.979)

−0.00425 ***
(−5.358)

−0.000678 **
(−2.221)

0.0126 ***
(9.328)

−0.00243 ***
(−2.803)

0.000538
(0.721)

−4.24 × 10−5

(−0.0693)
−0.0168 ***

(−5.981)

Foreign 0.235 ***
(8.119)

0.00267
(0.342)

0.0219 *
(1.840)

0.000243
(0.0851)

−0.0410 ***
(−5.404)

0.00469
(1.148)

-
-

0.00648
(0.806)

−0.274 ***
(−8.184)

Live births −0.00879
(−0.796)

−0.00477
(−1.592)

−0.00378
(−0.888)

−0.000195
(−0.146)

−1.29 × 10−5

(−0.00241)
−0.0202 ***

(−3.203)
−0.00634
(−0.665)

−0.00162
(−0.522)

0.0769 ***
(4.467)

Miscarriages −0.0619 ***
(−4.572)

0.00494
(1.630)

0.00735
(1.624)

−0.00181
(−0.876)

0.00934 *
(1.743)

-
-

−0.00197
(−0.243)

0.00281
(0.661)

0.0613 ***
(3.154)

VPI 0.0549 *
(1.814)

0.0175 **
(2.550)

0.00654
(0.569)

-
-

0.0495 ***
(3.138)

−0.00719
(−1.010)

-
-

0.00740
(0.769)

−0.266 ***
(−4.140)

General practitioner −0.132 ***
(−7.891)

−0.00275
(−0.369)

−0.0100
(−1.153)

−0.00134
(−0.446)

−0.0461 ***
(−4.990)

−0.0119 **
(−2.118)

-
-

−0.0194 ***
(−3.661)

0.298 ***
(11.11)

Hospital specialist −0.0188
(−0.914)

0.00290
(0.317)

0.00937
(0.798)

0.00479
(0.749)

0.0352 **
(2.355)

0.0335 *
(1.723)

-
-

0.00173
(0.264)

−0.133 ***
(−3.744)

Private specialist 0.0348
(1.011)

−0.00134
(−0.126)

0.0149
(0.820)

0.00218
(0.305)

0.00730
(0.446)

0.0867 *
(1.670)

-
-

−0.00414
(−0.523)

−0.236 ***
(−4.636)

Consultant specialist −0.0100
(−0.460)

−0.00935
(−1.343)

−0.00990
(−1.052)

-
-

−0.0316 ***
(−3.127)

0.116 **
(2.090)

-
-

−0.000813
(−0.123)

−0.0948 **
(−2.448)

NHS specialist −0.0601 ***
(−2.950)

0.0261
(1.582)

0.0107
(0.765)

0.00417
(0.618)

−0.0219 **
(−2.142)

−0.00209
(−0.318)

-
-

−0.0136 ***
(−2.804)

0.103 ***
(2.826)

No. obs. 2119 2119 2119 1745 2119 1639 350 2119 2119

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.
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The objective consists of analyzing whether and to what extent certain personal
characteristics are correlated with the probability of being assigned to a certain clinical
pathway. In this context, it is more accurate to use correlation and not causation, as it is, in
fact, difficult to assess whether the regressors are purely exogenous. The coefficients shown
are marginal effects. It should also be noted that in models (4), (6), and (7), the statistical
software has excluded some variables for reasons of multicollinearity, which is why the
number of observations is lower. The variable age is also excluded from the regressions as
it is strongly endogenous for reasons of reverse causality.

The most interesting results concern the clinical pathways B1, B5, B6, and DA. Pathway
B1 relates to examinations for genetic diseases in the family and consanguinity. Being a
foreign patient is positively correlated with the probability of being in this clinical pathway,
together with past voluntary interruptions of pregnancy. One possible interpretation is
that this might be related to socioeconomic or health deprivation. The B5 pathway, on the
other hand, is linked to fetal pathologies. Patients seem to become aware of this problem
later in pregnancy (weeks are positively correlated with the probability of being in this
pathway). Being Italian increases the probability of being in this pathway. The number
of past interruptions of pregnancy (spontaneous and voluntary) is, in turn, positively
correlated with the probability of being in this pathway. One possible interpretation is
that, if the fetus is potentially affected by genetic disorders, the same genetic problems may
also have adversely affected past pregnancies. Pathway B6 concerns exposure to external
factors (e.g., radiation, drugs). Weeks of pregnancy are negatively correlated, and this
is not surprising, and if the patient realizes or is aware of the exposure, she contacts the
department at the earliest opportunity. The number of children born alive from previous
pregnancies is negatively correlated, perhaps because mothers with more past experience
are less likely to have this type of problem.

The A pathway (maternal age) has the largest number of significant variables. Mothers
take these examinations at the earliest convenient time (weeks of pregnancy are negatively
correlated). Foreign mothers, as seen, are on average younger: they are, therefore, more
likely to be in the A pathway if the mother is Italian. The number of children born alive
from previous pregnancies is positively correlated with the probability of being in the
pathway. Being an older mother means they are more likely to have had other children in
the past. Voluntary terminations of pregnancy are negatively correlated, while miscarriages
are positively correlated. Finally, it is interesting to comment on the referral of medical
doctors across the board. Examinations by maternal age are prescribed more by the general
practitioner, whereas if the prescription is made by a hospital specialist, the patient is more
likely to be in the B5 or B6 pathway.

3.5.2. Pseudo-Poisson Maximum Likelihood and OLS: The Length of the Clinical
Pathway—Full Sample

Table 18 reports the estimates with pathway length as the dependent variable. The
estimate is greatly affected, as might have been expected, by the presence of EMAs within
the sample.

As already pointed out, the clinical pathway related to maternal age is extremely
short. Being foreign affects the length positively, and this is because foreign mothers are
on average younger. Weeks of pregnancy have a positive influence, but as seen, one is
more likely to be in the A pathway if one is close to the fourth week. The results are
robust to different specifications and different techniques. The OLS estimates, which do not
consider the distribution of the dependent variable, are consistent with the pseudo-Poisson
maximum likelihood (PPML) estimates. A reset test (shown in column (5)) allows us not
to reject the null hypothesis that the model is well specified. Column (6) shows standard
errors of the bootstrapped coefficients (500 replications). The result remains robust.
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Table 18. Clinical path length estimation with different techniques—full sample.

Variables (1)
PPML

(2)
PPML

(3)
PPML

(4)
OLS

(5)
OLS Reset

(6)
OLS

Bootstrap

Weeks of pregnancy 0.0286 **
(2.118)

0.0125
(0.998)

0.0117
(0.955)

0.219 *
(1.716)

0.0429
(0.337)

0.219 *
(1.753)

Foreign 0.782 ***
(6.373)

0.446 ***
(3.540)

0.433 ***
(3.469)

6.529 ***
(5.145)

0.853
(0.278)

6.529 ***
(5.686)

Live births - −0.147 **
(−2.136)

−0.139 **
(−1.992)

−1.663 ***
(−3.957)

−0.739
(−1.254)

−1.663 ***
(−3.916)

Miscarriages - −0.0328
(−0.419)

−0.0136
(−0.175)

−0.668
(−1.482)

−0.288
(−0.586)

−0.668
(−1.492)

VPI - 0.440 **
(2.330)

0.418 **
(2.219)

4.647 *
(1.855)

0.0417
(0.0118)

4.647 *
(1.870)

General practitioner - - −0.465 **
(−2.021)

−2.416 ***
(−2.895)

−1.769
(−1.633)

−2.416 ***
(−2.752)

Hospital specialist - - 0.381 ***
(2.664)

3.082 ***
(3.062)

1.187
(0.736)

3.082 ***
(2.937)

Private specialist - - 0.615 ***
(3.418)

6.190 ***
(3.532)

1.532
(0.447)

6.190 ***
(3.396)

Consultant specialist - - 0.244
(1.550)

2.958 **
(2.473)

0.930
(0.575)

2.958 **
(2.428)

NHS specialist - - 0.530 ***
(2.960)

5.117 ***
(3.124)

1.515
(0.547)

5.117 ***
(3.069)

Squares of estimated values - - - - 0.0371
(0.673) -

Cubes of estimated values - - - - 0.000438
(0.190) -

Constant 1.389 ***
(8.265)

2.411 ***
(15.85)

2.181 ***
(11.73)

2.958 *
(1.838)

3.787 **
(2.123)

2.958 *
(1.819)

No. obs. 2119 2119 2119 2119 2119 2119
R squared 0.037 0.114 0.126 0.073 0.077 0.073

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.

3.5.3. Binary Models: Assignment to a Clinical Pathway—Not-EMA Sample

In the present section and the next, we restrict the sample to not-EMA. The reason
for this choice is extremely simple; given the large number of mothers tested by maternal
age, the estimates are biased. The analyses proposed are the same as in the previous
subsection. The estimates now contain the variable age, which is no longer, logically,
endogenous. Table 19 shows that, as for the general sample, paths B1, B5, and B6 are the
most interesting ones.

Table 19. Probability of being assigned to a clinical pathway—LOGIT estimates—not-EMA sample.

Variables (1)
B1

(2)
B2

(3)
B3

(4)
B4

(5)
B5

(6)
B6

(7)
C

(8)
A

Age −0.00574 *
(−1.718)

−0.00111
(−1.288)

−0.00212 *
(−1.702)

−2.05 ×
10−5

(−0.589)

0.0120 ***
(4.423)

0.00237 *
(1.673)

0.000175
(0.175)

−0.00371 ***
(−4.076)

Weeks of pregnancy −0.00505
(−1.487)

−0.00428 ***
(−3.594)

−0.00868 ***
(−5.902)

−0.000155
***

(−3.143)

0.0282 ***
(8.317)

−0.0112 ***
(−4.007)

−0.000709
(−0.410)

−0.000872
(−0.743)

Foreign 0.249 ***
(5.643)

−0.0133
(−1.040)

0.00325
(0.170)

−0.000294
(−0.464)

−0.159 ***
(−5.931)

−0.00713
(−0.370) - −0.0148

(−1.138)

Live births 0.0567 **
(2.245)

−0.00201
(−0.328)

0.00593
(0.624)

0.000179
(0.464)

−0.00395
(−0.231)

−0.111 ***
(−4.823)

−0.0191
(−0.508)

0.0121
(1.563)

Miscarriages −0.110 ***
(−3.421)

0.0173 ***
(2.855)

0.0288 ***
(2.746)

−0.0003
(−0.523)

0.0493 **
(2.045) - −0.00188

(−0.0555)
0.0163 *
(1.702)
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Table 19. Cont.

Variables (1)
B1

(2)
B2

(3)
B3

(4)
B4

(5)
B5

(6)
B6

(7)
C

(8)
A

VPI −0.0271
(−0.428)

0.0200
(1.461)

−0.0141
(−0.528) - 0.0840 **

(2.031)
−0.0664
(−1.498) -

−6.02 ×
10−5

(−0.00238)

General practitioner 0.0302
(0.404)

0.0409
(1.140)

0.0610
(1.295)

0.994 ***
(166.0)

−0.0756 **
(−2.369)

−0.0454 *
(−1.736) - 0.0200

(0.456)

Hospital specialist −0.0980 *
(−1.763)

−0.00939
(−0.604)

−0.00158
(−0.0647)

0.877 ***
(13.96)

0.00502
(0.137)

0.0936 *
(1.764) - 0.0354

(1.055)

Private specialist −0.0373
(−0.527)

−0.0171
(−1.172)

−0.000514
(−0.0174)

0.991 ***
(87.09)

−0.0750 **
(−2.389)

0.201 *
(1.885) - 0.0126

(0.331)

Consultant specialist −0.0677
(−1.108)

−0.0286 **
(−2.197)

−0.0382 *
(−1.859)

−0.123 ***
(−3.902)

0.354 ***
(3.174)

0.0281
(0.784)

NHS specialist −0.0102
(−0.141)

0.0716
(1.563)

0.0497
(1.131)

0.996 ***
(343.5)

−0.0885 ***
(−3.012)

−0.0234
(−0.688)

−0.00207
(−0.0646)

No. obs. 853 853 853 641 853 646 93 853

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.

The coefficients of path B1 are quite similar to those of the previous estimates. The
estimation is robust to the subsample considered. Of course, the age variable is now also
present, which is significant and negatively correlated with the probability of being in B1. A
similar argument applies to the B5 path, to which more older mothers seem to be assigned.
A similar argument can be made for path B6.

3.5.4. Pseudo-Poisson Maximum Likelihood and OLS: The Length of the Clinical
Pathway—Not-EMA Sample

Contrary to the previous analysis, the estimates with pathway length as the dependent
variable (Table 20) do not appear to be robust to the subsample considered. Despite this,
both age and citizenship appear significant, the former being negatively correlated with
length, the latter being positively correlated. In particular, the significance of the foreign
dummy appears interesting. It may be that due to language problems, cultural differences,
and difficulties in reconstructing the medical records of a foreign individual, the clinical
course is more complex. The RESET test does not allow us to accept the null hypothesis
that the model is well specified, in this case.

Table 20. Clinical path length estimates with different techniques—not-EMA sample.

Variables (1)
PPML

(2)
PPML

(3)
PPML

(4)
OLS

(5)
OLS reset

(6)
OLS

Bootstrap

Age −0.0153 *
(−1.942)

−0.0104
(−0.985)

−0.0119
(−1.098)

−0.226 *
(−1.704)

4.086 *
(1.713)

−0.226 *
(−1.696)

Weeks of pregnancy −0.00247
(−0.253)

−0.000820
(−0.0820)

0.000752
(0.0756)

0.0130
(0.0783)

−0.229
(−1.218)

0.0130
(0.0811)

Foreign 0.232 *
(1.914)

0.242 **
(2.039)

0.261 **
(2.233)

4.532 **
(2.128)

−82.27 *
(−1.713)

4.532 **
(2.194)

Live births - −0.0818
(−1.434)

−0.0819
(−1.390)

−1.279
(−1.433)

22.66 *
(1.714)

−1.279
(−1.413)

Miscarriages - 0.00873
(0.119)

0.0107
(0.144)

0.199
(0.162)

−3.477
(−1.413)

0.199
(0.164)

VPI - 0.178
(1.040)

0.162
(0.943)

2.879
(0.824)

−51.48 *
(−1.738)

2.879
(0.817)

General practitioner - - 0.138
(0.642)

2.008
(0.619)

−35.47 *
(−1.743)

2.008
(0.621)

Hospital specialist - - 0.130
(1.026)

1.872
(1.008)

−32.99 *
(−1.694)

1.872
(1.022)
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Table 20. Cont.

Variables (1)
PPML

(2)
PPML

(3)
PPML

(4)
OLS

(5)
OLS reset

(6)
OLS

Bootstrap

Private specialist - - 0.276 *
(1.708)

4.316
(1.623)

−77.55 *
(−1.696)

4.316
(1.626)

Consultant specialist - - 0.0861
(0.585)

1.179
(0.526)

−20.61 *
(−1.656)

1.179
(0.532)

NHS specialist - - 0.301
(1.399)

4.797
(1.281)

−85.85 *
(−1.751)

4.797
(1.279)

Squares of estimated values - - - - 1.138 *
(1.750) -

Cubes of estimated values - - - - −0.0220 *
(−1.687) -

Constant 3.248 ***
(12.54)

3.105 ***
(9.502)

2.973 ***
(8.572)

20.46 ***
(4.320)

−267.1 *
(−1.657)

20.46 ***
(4.181)

No. obs. 853 853 853 853 853 853
R squared 0.013 0.017 0.021 0.021 0.025 0.021

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.

3.5.5. Binary Models: Assignment to a Clinical Pathway: Foreign Mother Sample

As pointed out in the descriptive statistics, the sub-sample of foreign mothers presents
quite peculiar characteristics compared to the whole sample. It, therefore, seems sensible
to repeat the analyses on this subsample to see whether, within the group of foreign
mothers, the correlation between the personal characteristics and the assignment to the
clinical pathway and, on the other hand, the performance indicator, varies significantly
with respect to the full sample. Since the subsample of foreign women includes EMAs
anyway, the variable age is omitted as endogenous.

As in previous estimates, the most interesting clinical pathways in Table 21 appear
to be B1, B5, B6, and A. The estimates appear robust compared to the samples previously
considered. The weeks of pregnancy are positively correlated with the probability of
being in B1 and B5, and negatively with the A pathway. A specialist physician assigns
patients to B5 and B6. The number of children born alive is negatively correlated with the
probability of being assigned to B6. Individual characteristics influence the probability
of being assigned to a particular clinical pathway regardless of nationality. This result
functions as a robustness test for the results obtained.

Table 21. Probability of being assigned to a particular clinical pathway—LOGIT estimates—foreign
women sample.

Variables (1)
B1

(2)
B2

(3)
B3

(4)
B4

(5)
B5

(6)
B6

(7)
C

(8)
DA

Weeks of pregnancy 0.0196 ***
(2.901)

−0.00242
(−0.882)

−0.00594 ***
(−2.617)

−0.00834
(−0.988)

0.00578 ***
(2.804)

−0.00602 *
(−1.654)

−0.00101
(−0.402)

−0.0315 ***
(−5.393)

Live births 0.0821 **
(2.185)

−0.0193
(−1.422)

−0.00525
(−1.025)

0.00727
(0.663)

0.00466
(0.509)

−0.0558 **
(−2.041)

−0.0137
(−1.236)

0.0321
(0.997)

Miscarriages −0.0601
(−1.225)

−0.00437
(−0.337)

0.0136 *
(1.878) - 0.0139

(1.259) - 0.00878
(0.644)

0.00905
(0.254)

VPI 0.149
(1.459)

0.0644 *
(1.911) - - 0.00869

(0.389) - - −0.143
(−0.975)

General practitioner −0.181 *
(−1.901)

0.0195
(0.486) - - −0.0386 *

(−1.649) - −0.0196
(−0.713)

0.412 ***
(4.085)

Hospital specialist −0.110
(−1.182) - 0.0370

(1.208) - 0.0327
(0.890)

0.0342
(0.604)

0.00298
(0.0966)

−0.0371
(−0.439)

Private specialist 0.110
(0.636)

0.0109
(0.174) - - 0.0252

(0.343)
0.0575
(0.531) - −0.175 *

(−1.744)

Consultant specialist 0.00887
(0.0910) - −0.0133

(−0.891) - −0.0696 ***
(−2.953)

0.0936
(1.055)

0.00859
(0.284)

−0.125
(−1.554)

NHS specialist −0.211 **
(−2.317)

0.0378
(0.761)

0.00196
(0.0956) - −0.00798

(−0.272)
−0.00387
(−0.127) - 0.264 **

(2.214)
No. obs. 321 153 242 26 321 191 257 321

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.
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3.5.6. Pseudo-Poisson Maximum Likelihood and OLS: The Length of the Clinical
Pathway—Foreign Women Sample

In this case, (Table 22), the regressions do not present any particularly interesting
results, except that weeks of pregnancy is positively correlated with length, probably due to
the negative correlation with EMA, while the consultant specialist is negatively correlated
with the dependent variable, probably because it is this specialist who prescribes maternal
age examinations for patients. The sample is relatively small, and the OLS estimates are
consistent with the pseudo-Poisson maximum likelihood. The RESET test accepts the
null hypothesis of a good specification; although in this case, it would be better to say a
‘non-specification’: the correlations seem to work predominantly through assignment to
pathway A. The results do not change when standard errors are calculated with resampling.

Table 22. Clinical path length estimates with different techniques—foreign women sample.

Variables (1)
PPML

(2)
PPML

(3)
PPML

(4)
OLS

(5)
OLS Reset

(6)
OLS

Bootstrap

Weeks of pregnancy 0.0411 ***
(2.901)

0.0428 ***
(2.887)

0.0344 **
(2.337)

0.561 **
(2.171)

0.902
(0.698)

0.561 **
(2.268)

Live births - −0.135
(−1.591)

−0.0924
(−1.061)

−1.304
(−1.238)

−2.009
(−0.679)

−1.304
(−1.229)

Miscarriages - −0.0965
(−0.753)

−0.0279
(−0.230)

−0.716
(−0.490)

−1.209
(−0.451)

−0.716
(−0.481)

VPI - 0.504 **
(2.022)

0.469 *
(1.749)

9.046
(1.266)

14.97
(0.535)

9.046
(1.027)

General practitioner - - −0.833
(−1.333)

−8.004 *
(−1.894)

−11.59
(−0.861)

−8.004 *
(−1.823)

Hospital specialist - - −0.193
(−0.845)

−3.104
(−0.963)

−4.983
(−0.583)

−3.104
(−0.970)

Private specialist - - 0.391
(1.272)

6.891
(1.118)

11.44
(0.630)

6.891
(1.082)

Consultant specialist - - 0.161
(0.718)

2.848
(0.746)

4.707
(0.557)

2.848
(0.779)

NHS specialist - - −0.927 ***
(−2.811)

−9.294 ***
(−3.013)

−13.49
(−0.733)

−9.294 ***
(−3.112)

Squares of estimated
values - - - - −0.0266

(−0.222) -

Cubes of estimated values - - - - 0.000287
(0.162) -

Constant 1.982 ***
(7.598)

2.021 ***
(7.823)

2.251 ***
(7.701)

8.055 *
(1.840)

9.028
(1.141)

8.055 *
(1.951)

No. obs. 321 321 321 321 321 321
R squared 0.025 0.043 0.081 0.088 0.089 0.088

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.

3.5.7. Clinical Pathway Length: Individual Characteristics vs. Clinical Pathway

This short subsection contains an OLS estimation of the length on individual and
dummy characteristics of the clinical path. The objective is to estimate the clinical path
length by means of the regression model, i.e., to see whether the path length, conditioned
with respect to individual characteristics is significantly different from the unconditioned
average length divided by path. Furthermore, such regressions are used to find out whether
the length is really influenced by personal characteristics, or whether, on the contrary, the
significance is mainly captured by the clinical path. It is evident from the results (Table 23)
that a large part of the significance of the path length is indeed captured by the clinical
pathways (as can be deduced from the significance of the dummies). Some variables are,
however, also significant and, in particular, children born of previous pregnancies and
the referring professionals. For those not belonging to a clinical pathway, the number of
children born alive may be negatively correlated, since the greater the number of previously
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successfully completed pregnancies, the less complicated the mother’s situation is likely to
be and the shorter the cynical pathway.

Table 23. Clinical pathway length for the full sample and for not-EMA and foreign women samples.

Clinical Pathway Full
Sample

Not-EMA
Sample

Foreign Women
Sample

Weeks of pregnancy 0.0789
(0.608)

0.138
(0.736)

0.116
(0.421)

Foreign 1.013
(0.886)

1.547
(0.778) -

Live births −1.175 ***
(−3.385)

−2.783 ***
(−3.314)

−1.439
(−1.529)

Miscarriages 0.0936
(0.226)

0.0697
(0.0564) -

Voluntary pregnancy
interruptions

1.586
(0.703)

2.836
(0.846)

−0.977
(−0.571)

General practitioner 0.702
(0.946)

0.0644
(0.0202)

7.091
(1.135)

Hospital specialist 1.270
(1.605)

3.271 **
(2.042)

−0.945
(−0.208)

Private specialist 3.267 **
(2.304)

6.046 **
(2.537)

−2.667
(−0.974)

Consultant specialist 2.203 **
(2.104)

4.285 **
(2.005)

6.244
(1.424)

NHS specialist 1.202
(0.973)

3.774
(1.061)

1.813
(0.462)

DB1 20.63 ***
(11.99)

19.04 ***
(8.357)

−3.199
(−1.400)

DB2 11.25 ***
(3.855)

9.807 ***
(2.626)

21.98 **
(2.373)

DB3 16.41 ***
(4.425)

15.06 ***
(3.613)

7.120
(0.582)

DB4 15.95 ***
(2.615)

14.36 **
(2.190)

19.55 *
(1.651)

DB5 6.135 **
(2.524)

4.507
(1.316)

15.91 *
(1.853)

DB6 1.383
(0.962)

−1.319
(−0.583)

6.205
(0.552)

DB7 0.765
(0.342)

0.423
(0.142)

−0.533
(−0.0548)

Maternal age −0.961
(−0.596) - −0.869

(−0.0758)

Constant 27.64 ***
(7.938)

26.18 ***
(6.859)

29.33 ***
(2.884)

Number of observations 2119 853 321
R Squared 0.442 0.461 0.474

Note: *** p < 0.001; ** p < 0.01; * p < 0.05.

4. Discussion and Conclusions

The research examined an almost unexplored problem to our knowledge, the analysis
of clinical pathways for pregnancies that are at risk. In this field, the activity is carried
out in a rather fragmented way from the organizational point of view, holding more a
clinical structure point of view and with the laboratory providing the service rather than
the patient. Indeed, to our knowledge and looking into the international literature, in the
genetic services, there are no studies that explore the patient individual characteristics that
might affect the diagnostic pathway and the overall pathway length.

The limitations of the current situation depend mainly on the insufficient availability
of data: the initial phase of the research devoted a lot of time to this aspect, to demonstrate
the need to collect individual data per patient. This is the premise for starting to think
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in terms of pathways and, above all, for making these pathways operational in clinical
practice as well. Since a potential weakness and limitation of this study is the availability
of data only for one year in the past, it is to be hoped that the database that has been
experimentally collected can continue to be implemented and extended to other genetics
centers and laboratories, preferably leading to a single regional survey system. The analysis
of clinical pathways requires, in fact, the comparison of different situations to be able to
highlight which is the best reference practice that combines the best care with the best use
of resources, with a view to their appropriateness, which is the fundamental property of
the essential levels of care provided by our health care system.

From the point of view of the construction of the pathways, however, even with the
limited data available it was possible to set up an analysis methodology that if implemented
and verified with the operators could lead to an improvement in the service. In particular,
the different pathways were defined and flow charts were constructed to follow the patients’
flows within each of them, also highlighting some process indicators to describe and
evaluate them. The statistical analysis, which, despite the limited data available, showed
how it is possible, and it showed additional information on the relationship between
individual characteristics and performance at the clinical pathway level.

In particular, the results of the binary model estimates underline how there are poten-
tially different patient profiles assigned to different clinical pathways. The variable ‘foreign
mother’ presents the most interesting results. Not only does this variable have a correlation
that is robust to the different specifications and sub-samples for the binary models, but it
also directly influences the length of the clinical pathway, even in the not-EMA sample.
Investigating the reasons for this correlation appears to be important above all to overcome
any cultural barriers that might jeopardize access to essential levels of care for these patients.
To better investigate these difficulties, it would be very useful to have even more detailed
data, especially on the socio-economic characteristics of the patients themselves.

Lastly, further analyses would be possible if we had data on resources, a characteristic
that unfortunately could not be detected within the project; this would make it possible to
distinguish how much of the variability is explained by personal characteristics (not only
clinical, but also socio-economic information such as health deprivation index or socio-
economic deprivation), but also that there is residual variability that cannot be explained
or justified and which could be eliminated, being attributable to poor organization and the
presence of purely economic inefficiency.
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