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Rail haulage system is an important part in mine pro-
duction as people and materials are mainly trans-
ported through rail haulage equipment. The purpose
of this communication is to establish a composite risk
analysis model of rail haulage accidents in inclined
tunnels based on Bayesian network and bow-tie
model, which can be used to predict the risk of rail
haulage accidents in mines and adopt relevant safety
measures towards critical basic events. First, a simple
case study of mapping fault tree into Bayesian net-
work was introduced. Second, the risk level and criti-
cal basic events could be achieved according to
forward analysis and backward analysis of Bayesian
network with the help of GeNle software. The obsta-
cles on rails, unqualified rails and acceleration or de-
celeration were identified as the first category critical
basic events of rail haulage accidents based on the
above analysis. Third, acceleration or deceleration
was chosen as the risk Bayesian node and a detailed
analysis was made using bow-tie model. Twelve pre-
ventive safety measures were set on the left to prevent
basic events and 10 mitigative safety measures were
set on the right to mitigate accident consequences, the
risk of rail haulage accidents in inclined tunnels can
further be reduced by bow-tie analysis. Composite
risk analysis model can be applied for similar risk
analysis of rail haulage accidents.

Keywords: Bayesian network, bow-tie model, rail
haulage accidents, risk assessment.

MINE production provides the necessary resources like
coal, iron and ore for social development, but it also
causes many accidents that leads to death'”. Therefore,
mine production safety plays an important role in protect-
ing the rapid development of national economy*®. Rail
haulage system is one of the most important parts in mine
production’ '® as people and materials are mainly trans-
ported through rail haulage equipment. Rail haulage acci-
dents may cause serious casualties and huge loss of
property''. To prevent rail haulage accidents, risk
assessment should first be conducted. There have been
studies on the risk assessment of mine ventilation sys-
tem'>"?. However, at present, there are no relevant stud-
ies on the safety assessment of rail haulage system
published in English, except some simple analysis in
Chinese references such as Fault Tree Analysis'!. Never-
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theless, there is a lack of systematized safety analysis
method on rail haulage accidents. Therefore, it is impor-
tant to construct a systematized safety analysis method
and prevent rail haulage accidents.

There are a lot of risk assessment methods including
fuzzy evaluation method'™'®, gray evaluation method'” ™'
and analytic hierarchy process (AHP)** . Li e al.'” have
established a fuzzy model based on fuzzy sets and infor-
mation diffusion to evaluate flood risk. Liu e al.*® have
set up a comprehensive assessment method that combines
AHP and gray evaluation method to ensure safety in mine
production. Besides, some scholars have applied game
theory?”’ for risk analysis. For example, Xia et al.”’ put
forward an evolutionary game model to study the risk
analysis of cooperation under the spatial public goods
game. These methods make good performance in forward
analysis, but have difficulties in backward analysis. The
risk assessment of rail haulage accidents, not only re-
quires the forward analysis, but also backward analysis.
Taking the influence of top event (whether happened or
not it happened) on basic events into consideration,
backward analysis is studied to find the critical basic
events.

Bayesian network can realize the idea of both forward
and backward analysis, which is widely used in the field
of risk analysis. Bayesian network has been applied for
the risk analysis of water resource management™’, chemi-
cal infrastructure®’, urban expressway’’, water pollution
accident®* and software project”. Tang et al.*® have
developed a Bayesian network including six root nodes
and three middle-layer nodes, which is applied to identify
the possibility of potential risk of water pollution. Weber
et al.’® and Landuyt ef al.’’ reviewed the application of
Bayesian network. Weber presented a review over the last
decade on the application of Bayesian network to de-
pendability, risk analysis and maintenance; Landuyt dis-
cussed the number of Bayesian belief network-based
ecosystem service models developed over the last decade.
Although Bayesian network can recognize the risk nodes
of potential accidents, it cannot give prevention measures
effectively unless it is equipped with other techniques
such as bow-tie model’®*’.

Bow-tie model is also used widely as a risk analysis
tool, because it integrates basic causes, possible conse-
quences and corresponding safety measures of an acci-
dent in a transparent diagram. Bow-tie model has been
applied to risk control*’, risk assessment of gas oil
storage®' and chemical industry**, risk management of sea
ports® and hydrogen sulphide®, risk evaluation of gas
pipelines**® and organizing learning process*’ as well as
workplace®®. Chevreau et al.*’ proposed a complete and
efficient method to manage risk analysis through bow-tie
representation. Ruijter ez al.*’ divided bow-ties into quan-
titative and qualitative bow-ties. Most quantitative
bow-ties use fault tree along with event tree and barriers
to calculate risk, and qualitative bow-tie uses simpler
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cause-effective scenarios with barriers to communicate
risk?. Due to its static characteristics, bow-tie method
cannot be used easily in dynamic risk analysis. However,
if it is combined with Bayesian network, this problem
would be solved™**'.

Integrating Bayesian network and bow-tie model can
not only identifies the risk nodes of accidents, but also
gives prevention measures. This composite model has
been applied to quantitative risk analysis of offshore
drilling operation®, dust explosion scenario™, gas leak-
age during biomass gasification®® and process system”.

However, until now, a composite analysis model of rail
haulage accidents is not available, and we wish to fill this
gap. Therefore, this study aims at building a composite
analysis model of rail haulage accidents in inclined tun-
nels with Bayesian network and bow-tie model and con-
siders it as an extension to previous studies based on fault
tree analysis'®. Be different from previous studies based
on fault tree analysis'?, risk level of rail haulage accidents
and potential results can be achieved in terms of available
information in the study. Additionally, the critical basic
events of rail haulage accidents can be identified and pre-
vented by relevant safety measures based on the above
application.

This communication recapitulates the fundamental
theories of a composite analysis model and background
of rail haulage accidents. To illustrate the applicability of
the composite analysis model, a real example of rail
haulage accident in an inclined tunnel is given.

Bayesian network includes network nodes, directed
links, conditional probabilities of nodes and a directed
acyclic graph, which reflects uncertain relationship
among network nodes. This method is widely applied to
some uncertain analysis. Bayesian network is based on
Bayesian formula, and the probability of event A under
the occurrence of event B can be expressed as

P(AB) =%, (1)

Figure 1. A simple fault tree.
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where P(A4) is the prior probability of event 4, P(A4|B) is
the posterior probability of event 4 under the occurrence
of event B, P(B|A) is the conditional probability of event
B under the occurrence of event 4, P(B) is the prior prob-
ability of event B; P(A) is not related to event B and P(B)
is not associates to event A4.

If the set of event 4 is 4 ={qa,,a,,---,a,}, the Bayesian
formula of P(B) can be expressed as

P(B) =Y P(Bla;)P(a;). 2

i=1

The occurrence probability of a specific accident can be
derived by the prior probability of basic events with
Bayesian network, and Bayesian network reflects the
relationship between prior probability and posterior pro-
bability. Before quantitative analysis with Bayesian
network, the risk factors of accidents should be identified
according to other methods such as fault tree analysis.
The nodes of Bayesian network are composed of main
risk factors.

Bayesian network can be analysed with the help of
GeNIe™ software, created and developed by the Decision
Systems Laboratory, University of Pittsburgh. Abimbola
et al”’ studied the risk analysis of managed pressure
drilling operation with Bayesian network based on GeNle
software. However, very little information is available on
the specific process. In this study, a case study was first
introduced.

A simple fault tree is shown in Figure 1. Hypothesis of
the prior probability of each basic event was P(X;) = 0.1,
and then the probability of top event P(T1) could be cal-
culated as

P(T1) = P(x,)[1-(1— P(x,))(1 - P(x3))] = 0.019.

The probability of intermediate event P(4;) can be calcu-
lated as

P(4) =1-(1-P(x,))(1-P(x)) =0.19.

If the top event had already taken place, at this condition
of P(T1)=1, the posterior probability of each basic
event could be calculated according to Bayesian formula
(1) as

P(T1|XI)P(X1) _ P(AI)P(xl) =1

Pl ==——57p P(T1)

>

p(aT1y = PLWAP(A) _ PO)P(A)
] P(TT) P(T1) ’

P(4]x,)P(x,)

P(x,|T1) = P(x,|4y) = P(A,)
1

=0.526,
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P(A|x3)P(x3)

P(x3|T1) = P(x3|4,) = P(4,)
1

=0.526.

Mapping the fault tree of Figure 1 into Bayesian network
and analysing it using GeNle software, and the Bayesian
network is shown in Figure 2.

Logic AND gate of fault tree should be transformed
into Bayesian network as follows (Table 1).

Logic OR gate of fault tree should be transformed into
Bayesian network as follows (Table 2).

With the given information, the probability of leaf
node could also be calculated by forward analysis in
Bayesian network, the result is P(71) =0.019. The bar
chart of Bayesian network is shown in Figure 3.

The actual value of occurrence probability of P(T1) is
0.019, and the actual value will be shown when the chart
is double clicked.

Bayesian network can not only perform forward analy-
sis but also backward analysis. Meanwhile, hypothesis of
the leaf node had already taken place. With the evidence
of P(T1) =1 and updating information, the Bayesian net-
work can be changed into Figure 4.

According to Figure 4, the posterior probabilities of
root nodes and intermediate nodes are clearly shown.

A bow-tie (Figure 5) consists of a fault tree on the left
side and an event tree on the right side, and centering in it
is a critical event with a certain occurrence probability.
The causes of events indicate the left of the bow-tie, and
consequences imply the right. The causes are basic events
that may lead to accidents and the consequences are the
loss (including health and treasure) due to accidents. To
prevent critical accidents, safety barriers should be
adopted. Preventive safety measures are set on the fault
tree side and, therefore, they come before the top event;
mitigative safety measures are set on the side of event
tree and, therefore, they come after the top event.

Rail haulage equipment in inclined tunnels consists of
tramcar, chain and a hook, which is pulled by electric

Table 1. AND gate of fault tree in Bayesian
network
X1 Al P(T)
0 0 0
0 1 0
1 0 0
1 1 1
Figure 2. Bayesian network of the case study.
T
Nonoccurrence 98% [
Oceur 2%

X1 Al
Nonoccumence 0% [l | | [Nonoccumence 81%
Oceur 10%|| Occur 19%

X2 X3
nonoccurence 0%l | [Nonoccurrence 90% IR |
Occur 10%| QOccur 10%

Figure 3. The bar chart of case study.

i
Nonoccurrence 0%
Oceur 100% (I
X1 Al
Nonoccurrence 0% Nonoccumrence (0%
Occur 100% | Oceur 100%
X2 X3
Nonoccurrence 47 % t Nonoccurrence 47%
Occur 53%]f Occur 53%|l

Figure 4. The backward analysis of Bayesian network.
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Table 2. OR gate of fault tree in Bayesian
network
X2 A3 P(A1)
0 0 0
0 1 1
1 0 1
1 1 1
Preventive ‘ Mitigative
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Figure 5. The sketch of bow-tie model.
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Table 3. The symbol descriptions and occurrence probabilities of events
Prior Posterior

Symbol Description probability  probability  P(7lx;=1) P(T]x;=0)
T Rail haulage accident in an inclined tunnel - - - -
A Falling road - - - -
B Be injured owing to haulage vehicle - - - -
C Rail failure - - - -
D Tramcar failure - - - -
E Haulage vehicle - - - -

F People in dangerous areas - - - -
G Haulage vehicle with wire rope - - - -
H Wire rope broke - - - -

I Error use the connection device - - - -

J Connection device failure - - - -
K Wire rope suffered impact force - - - -
X, Obstacles on rails 0.0100 0.4555 1.000 0.012
X Unqualified rails 0.0080 0.3644 1.000 0.014
X; Acceleration or deceleration 0.0030 0.1366 1.000 0.019
X4 Wheel come-off 0.0007 0.0319 1.000 0.021
Xs Axle broken 0.0004 0.0182 1.000 0.022
X Overweight tramcar driving 0.0060 0.0060 0.022 0.022
X7 Brakes out-of-work 0.0001 0.0001 0.022 0.022
Xs Badly worn out 0.0060 0.0060 0.022 0.022
Xo Insufficient intensity 0.0001 0.0001 0.022 0.022
Xio Corrosion 0.1000 0.1004 0.022 0.022
X Twist together 0.0100 0.0100 0.022 0.022
X2 Accelerated speed is too large 0.0003 0.0003 0.022 0.022
Xi3 Suddenly stop running 0.0001 0.0001 0.022 0.022
X4 Wire rope is too loose or obstruction to lifting 0.0010 0.0010 0.022 0.022
Xis Do without safety rope 0.0010 0.0010 0.022 0.022
Xi6 Do without pin 0.0020 0.0020 0.022 0.022
X7 Do without chain and hook 0.0010 0.0010 0.022 0.022
Xis Chain break 0.0001 0.0001 0.022 0.022
X9 Pin break or run out 0.0001 0.0001 0.022 0.022
X20 Chain, hook or rope failure 0.0020 0.0020 0.022 0.022
X1 Stopping device failure 0.0005 0.0010 0.045 0.022
X2 Signal failure 0.0020 0.0020 0.022 0.022
X3 Walking 0.1000 0.1002 0.022 0.022
Xoa Working 0.0010 0.0010 0.022 0.022
Xos Do not duck in time 0.1000 0.1002 0.022 0.022

Table 4. Probability levels of accident occurrence™
Level Probability Possibility
1 <107 Very unlikely
2 10-107° Unlikely
3 10210 Not very likely
4 10'-102 Likely
5 <10 Very likely

cars or winch wire ropes in inclined tunnels. People,
materials and gangues are mainly transferred through rail
haulage equipment which exerts an important influence
on the safety production of mines.

With modernization the depth construction of mines
and mining to the usage-cycle of rail haulage in inclined
tunnels will also be increased, leading to increase in rail
haulage accidents in inclined tunnels. Among the acci-
dents, the frequency of haulage vehicle accidents is high-
er than that of others.
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The haulage vehicle accidents refer mainly to tramcars
travelling fast in inclined tunnels free from wire rope
traction, and the consequence will be quite serious. The
people working in deeper mines will be injured if they do
not escape on time. Additionally, vent lines, water pipes,
cables and roadway support will also be destroyed.

The rail haulage accident in an inclined tunnel of a
mine (see ref. 14 for full data) is shown in Figure 6. The
symbol descriptions of Figure 6 are listed in Table 3.
Simple qualitative analysis could be achieved based on
Figure 6. Logic OR gate takes up 83% according to the
composition of logic gates of the fault tree, which means
that the occurrence probability of an accident is very
high.

Transfer of the fault tree of Figure 6 into Bayesian net-
work is shown in Figure 7.

To get the occurrence probability of rail haulage acci-
dents in inclined tunnels, it is necessary to know the
occurrence probability of each basic event in advance.
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Severity levels of accident consequences

Effects on people

Simple medical treatment without hospitalization, or injury for a short time

tunnels can lead to three deaths and four cases of minor
injuries, indicating the severity level of rail haulage acci-
dents to be very high.

The risk level of rail haulage accidents in inclined
tunnels can reach 20 (Table 6), which combines occur-
rence probability and severity, and safety measures
should be adopted immediately according to Table 7.

It is necessary to identify the importance of basic
events to prevent rail haulage accidents in inclined tun-
nels. In the risk analysis of rail haulage accidents, if a
certain consequence is observed, it should be considered
as new information corresponding to Bayesian network to
update probabilities. If the rail haulage accident had
occurred under the condition of P(T) =1, the posterior
probability of basic events is shown in Table 3.

When the top event happens, the occurrence probabil-
ity of basic events X;, X5, X3, Xy, X5 and X5 will signifi-
cantly increase according to the analysis of posterior
probability in Table 3 and Figure 8. Due to these prob-
ability revisions, the occurrence probabilities of rail haul-
age accidents and their consequences will be changed.
Therefore, the most probable configuration of basic
events leading to a rail haulage accident is determined by
the occurrence of basic events X, X5, X3, Xy, X5 and X,,.
Therefore, in the risk management and safety assessment
of rail haulage accidents, these basic events should be
given priority to reduce the occurrence probability and
decrease the risk.

We have studied the influence of basic event (whether
it happened or not) on the occurrence probability of top

Table S.
Level Severity
1 Very low
2 Low Restricted work or slight wound
3 Medium Grievous injury or occupational disease
4 High One or two deaths or disability, or three to nine serious injures
5 Very high Three and above deaths, or ten and above serious injuries
Table 6. Risk levels of accidents
Probability
Risk levels 1 2 3 4 5
Severity 1 1 2 3 4 5
2 2 4 6 8 10
3 3 6 9 12 15
4 4 8 12 16 20
5 5 10 15 20 25
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Figure 6. The fault tree of a rail haulage accident.

The prior probability of each basic event can be found in
Table 3.

With updating the prior probability and the logical
relationship of each basic event in Bayesian network, the
occurrence probability of rail haulage accidents in
inclined tunnels can be achieved by the forward analysis
of Bayesian network using GeNle software, the result is
P(T)=0.022. The occurrence possibility of rail haulage
accidents is shown in Table 4.

To get the specific risk level of rail haulage accidents,
the severity levels (Table 5) should also be shown. Statis-
tics® indicates that rail haulage accidents in inclined
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events, with setting P(7]x;=1) and P(TJx;=0) respec-
tively and the results are shown in Table 3.

Comprehensive analysis of the data in Table 3 shows
that although the basic events X, X5 and X3, are likely to
cause the top events to happen, and when each of the
three basic events does not happen, the occurrence prob-
ability of the top events does not decrease significantly.
While the basic events X;, X, and X; do not happen
respectively, the occurrence probability of top events
decreases significantly.

Basic events can be divided into three categories
according to the probability of occurrence and the effec-
tiveness of prevention measures of top events. The first
category includes Xj, X, and X;, which possibly leads
to top events. Moreover, when basic events do not hap-
pen, the occurrence probability of top event decreases
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Rail haulage
accident in

inclined tunnel

Falling
road
Rail failure

Ungualified
rails

Tramcar
failure

acceleration or
deceleration

Obstacles
on rails

Axle
hroken

Wheel
come off

Overweight
tramcar driving

Haulage vehicle
with wire rope

Badly warn

Wire rope
suffered
impact force

Brakes out of
work

Accelerated
speed is
too large

Suddenly
stop running

Wire rope is
too loose or
obstruction
to lifting

Figure 7.

Table 7. Risk levels of accidents and required measures

Haulage
vehicle

Wire rope
braoke

@ m Twist
together

Bayesian network of the rail haulage accident in an inclined tunnel.

Risk levels Required measures

1-4 No safety measures required

5-8 Safety measures should be adopted as conditions allow
9-12 Safety measures should be adopted designedly

15-25 Safety measures should be adopted immediately

1
WPrior probability MPosterior probability MPrior probability MPosterior probability

0.5 — e 0.035
0.025

0.015

0. 005

Figure 8. The probability changes of critical basic events of rail hau-
lage accidents.

significantly. The second category includes X, X5 and X5,
which are also likely to cause top events. However, when
these basic events do not happen, the occurrence prob-
ability of top events does not decrease significantly. The
third category includes the remainding basic events which
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Be injured owing Stopping device

failure

Signal
failure

Do not duck
in time

to haulage vehicle

People in
dangerous area

Errar use the
connection
device

Connection
device failure

Pin break
ar run out

Chain, hook or
rope failure

Do without
safety rope

Do without
chain, hook

are not likely to lead to the occurrence of top events.
Besides, whether basic events happen or not, they do not
have a great influence on the occurrence probability of
top events.

The basic event of X; belongs to the first category
according to the above analysis. It is chosen as a risk
Bayesian node and makes detailed analysis with bow-tie
model. The bow-tie analysis of X; acceleration or decel-
eration is shown in Figure 9.

On the left of bow-tie is fault tree analysis including
five causes which can lead to acceleration or decelera-
tion. On the right of bow-tie is event tree analysis includ-
ing three results of rail haulage accidents in inclined
tunnels. Twelve preventive safety measures are set on the
left to prevent the occurrence of basic events, and ten
mitigative safety measures are set on the right to mitigate
accident consequences. Therefore, the risk of rail haulage
accidents in inclined tunnels can be further reduced by
bow-tie analysis.

Our results confirm that the systematized model based
on Bayesian network and bow-tie analysis can be suc-
cessfully applied to the risk assessment of rail haulage
accidents in inclined tunnels. At the same time, the risk
level of top events and critical basic events can be
obtained. Besides, preventive, mitigative safety measures
should also be adopted to decrease the risk of accidents.
Motivated by the application of safety assessment in
other fields, such as Bayesian network in risk analysis®’
and bow-tie model in risk assessment*', upon which our
theoretical study is based. Unlike previous research, this
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B,: Two people operate one equipment simultaneously to form a check system
B,: Substitute machines for people in implementation

Bs: People and machines establish human-machine combination system

B;: Intensify safety education and training

— Bs: Promote standardization of implementation

— Bg: Workers should be selected according to the requirements of production

regulation

Winch driver
misoperation

4"

\' Bis:

rail as little as possible

Bi3: Setrefuge chamber in inclined tunnel according to the

Bi4: Set car arrester in inclined tunnel

B;s: Add acousto-optic warning device accordingly
Wearing personal protective equipment properly

By7: Mechanical equipment should be installed around the

Winch driver
operation
against rules

/
¢
<

Tramcar

——

Safety device
(sensor or car
arrester)

acceleration or
carrying Preventive deceleration lead Mitigative Equipment
capacity safety to the rail haulage safety . 4 trouble
overproof or measures accident in measures XX around the
empty inclined tunnel rail

Injuries or
deaths
around the
rail

Production
halts

failure
inclined tunnel

S

Rail haulage
environment

Bis: Set mechanical equipment in independent chamber in

Bis: Set cable on the roof of inclined tunnel
( Bxo: Set safeguard exterior the equipment
B.1: Work out corresponding emergency rescue plan
Byy: Pacify employees and resume production

scurviness

—] By: Inspect tramcar carrying capacity before driving

1 Bg: Decrease the traction of tramcar if it was empty

By: Using qualified safety devices

Bio: Inspect the running condition of safety devices regularly

By1: Designing of rail transportation meets corresponding standard of security
Bjz: Improve the site operating environment

Figure 9.

is the first time that a systematized model is applied to
risk analysis of rail haulage accidents in inclined tunnels.
Our results can be applied to similar risk analysis of rail
haulage accidents. To minimize the workload of analysis,
only one critical basic event was chosen as the risk
Bayesian node and makes a detailed analysis with bow-
tie model. Other basic events should be analysed with
bow-tie model in future studies to make a comprehensive
risk analysis of rail haulage accidents in inclined tunnels.

In this study, a risk assessment model of rail haulage
accidents in inclined tunnels is developed based on Baye-
sian network and bow-tie analysis. With forward and
backward analyses of Bayesian network as advantages,
the critical basic events that lead to rail haulage accidents
in inclined tunnels are identified. These are respectively
identified as obstacles on rails, unqualified rails and ac-
celeration or deceleration. Then, the basic event accelera-
tion or deceleration is chosen as the risk Bayesian node
and makes a detailed analysis with bow-tie model, twelve
preventive safety measures are set on the left to prevent
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Bow-tie analysis of acceleration or deceleration.

basic events and 10 mitigative safety measures are set on
the right to mitigate accident consequences.
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Prelingual genetic deafness and male infertility can
appear as isolated findings or as part of a syndrome.
Deafness-Infertility Syndrome (DIS) was previously
reported to be caused due to a rare contiguous gene
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deletion of CATSPER2 and STRC genes on chromo-
some 15q15.3. We tested this contiguous gene deletion
in a unique cohort of 15 probands with deafness and
male infertility, who were partners in assortative mat-
ing from south India. Screening for this alleged con-
tiguous gene deletion did not test positive. Given high
parental consanguinity, it is possible that infertility
and deafness may not be part of a contiguous gene de-
letion, but two independent events. As a next option
we screened another candidate gene FOXII (5q35.1),
known to independently influence sperm maturation
and also encode transcriptional factor of a deafness
gene SLC26A44, to implicate for this DIS phenotype.
However none of the probands had any pathogenic
mutations in FOXII gene. Having excluded (i) DIS
contiguous gene deletion and (ii) FOXII gene muta-
tions’ role in this phenotype, we conclude that this
unique cohort’s genetic etiology can be resolved using
high-throughput NGS and CNV assessment. This
approach may also identify potential linkage to any
novel genes.

Keywords: Assortative mating, contiguous gene dele-
tion, CATSPER2, STRC, p.I35S.

DEAFNESS may occur by itself as an isolated phenotype
or as a part of a syndrome in which the hearing loss is
associated with other medical conditions. One such auto-
somal recessive syndrome is sensorineural deafness with
male infertility (DIS) which is due to a contiguous gene
deletion of the CATSPER2 and STRC genes on chromo-
some 15q15.3 (ref. 1). Cation Channel Sperm Associated
2 (CATSPER?2) encodes calcium channels required for
hyperactive motility of the sperm tail to push through the
egg cell*®. Adjoining CATSPER2 is the stereocilin
(STRC) gene, expressed in the stereocilia of the outer hair
cells of the inner ear, involved in mechanoreception of
sound waves®. Hence when the deletion is present both
deafness and anomaly in morphology and motility of the
sperm exist in males; whereas females with this deletion
have only hearing loss but are fertile’. Similarly, FOXII
(Forkhead box I1) has a functional role in hearing, fertil-
ity and male acidosis. It is a potential transcriptional acti-
vator of an auditory gene SLC2644 (ref. 6) which also
has a role in epididymal expression that is required for
male fertility. Mutations in FOXII gene (5q35.1) cause
sensorineural deafness syndrome with distal renal tubular
acidosis and male infertility’.

So we tested for this contiguous gene deletion in a
unique cohort of assortatively mating families, where the
male partners have both sensorineural deafness and infer-
tility as a phenotype. Furthermore we improvised the
approach by adding another candidate gene FOXII which
has not been concurrently screened in DIS probands. So
far this gene has only been screened in prelingual deaf
without infertility, although FOXII has a role in sperm
maturation. So this adds to the novelty of the study
design.
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