simulation results explained in this work and
the previous results obtained for the original
Walkability assessment regarding the case
study of Arroios in Lisbon (Portugal). These
results showed acceptable robustness of
IAAPE when facing the two sources of
uncertainty tested here.
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ABSTRACT

1. INTRODUCTION

Numerical modelling always involves
methodological assumptions by the analysts
whose impact in the final results is often not
quantified nor analyzed. Generically, the
lack of such analyses raises concerns about
robustness of the models developed and
uncertainty and validity of results obtained.

Walkability is nowadays a developping
subject with multiple concepts and points of
view being proposed for its definition. These
different perspectives also result in different
sources of uncertainty when trying to
establish accurate modelling for the subject.
Like in any other numerical model,
methodological assumptions were used to
create IAAPE - Indicators of Accessibility
and
Atractiveness
of
Pedestrian
environments – raising concerns about the
robustness and validity of the outputs of the
model.

IAAPE – Indicators of Accessibility and
Attractiveness of Pedestrian environments –
is a tool for measuring the walkability of
urban environments that involves multiple
stages of formulation and application. This
procedure is complex to some extent
because of the inherent complexity of the
urban walkability topic that is reflected in the
myriads
of
assessment
procedures
proposed in the literature.

The main objective of the research
presented in this work is to identify and
classify every source of uncertainty present
in the application of IAAPE procedure, as
well as analysing its robustness by testing
several sources of uncertainty.

Assessing the robustness of IAAPE
procedure is a cornerstone step in its
development as it was possible to identify
several types of sources of uncertainty in
each stage of its application.

This paper is organized as follows. Section 2
provides a literature review on the
fundamental theoretical concepts related
with robustness of models, as well as some
guidelines to test it. Section 3 presents the
IAAPE model and the sources of uncertainty
found for each stage of the procedure, the
general framework used in this work and
detailed explanation of methods used.
Section 4 presents the case study, the
support data used, the simulation results and
corresponding discussion. Section 5 brings
together the main conclusions as well as
leads for future research.

In this research we used uncertainty and
sensitivity analysis techniques and a
probabilistic method to test two of the
sources of uncertainty identified: calibration
of the multicriteria analysis (MCA) weighting
parameters for each dimension of IAAPE
and possible experimental errors of data
collection (mainly, GIS pedestrian network
model and street auditing).
The support data for this work was sourced
from previous assessment of Walkability in
Arroios (Lisbon, Portugal) using IAAPE.
This work was a first step for the assessment
of the robustness of IAAPE and it was
possible to verify some stability between the
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In a context of decision-aid modelling,
(Bilcke et al. 2011) also provide three types
of sources of uncertainty: methodological,
structural and parameter uncertainty.

2. LITERATURE REVIEW
2.1. Theoretical
concepts
and
fundamentals about robustness
Here, we present the concepts and
fundamentals that support the research
described in this paper, starting with the
definition of robustness of a model.

(C. J. Roy 2010) classifies the uncertainty in
general scientific modelling by origin and
type. According to this author the uncertainty
is related with model inputs, numerical
aproximations and model form and there are
two types of uncertainty, being aleatory
uncertainty and epistemic uncertainty.

According to (Vincke 1999) robustness is the
propriety of a model to present non
contradictory results when comparing
different versions of it resulting from the
usage of different values for its parameters.
(B. Roy 2010) refers that robustness is
related with notions of stability or sensitivity
of the results of a model. Additionally it was
possible to implicitly understand the concept
of robustness from several studies of the
Joint Research Group of the European
Comission, on wich the robustness of
different indexes was assessed comparing
the original and some alternative versions of
those indexes and analysing their stability or
dispersion (Tarantola et al. 2002, Nardo et
al. 2005, Saisana et al. 2005, Hoskins et al.
2006, Brand et al. 2007, Michaela Saisana &
Andrea Saltelli 2008, Saisana & Munda
2008, Saisana 2008, Saisana & D’Hombres
2008, Saisana et al. 2009).

Besides some diversity in the terms used for
the classification of uncertainty by different
authors it was possible to verify consensus
in the explanations and the main cause of it
is the lack of knowledge about the
phenomenon one wants to model and its
complexity.
The existence of these different types of
uncertainty in scientific modelling justify the
need to quantify it to measure their impact in
the final results. For this, it is necessary to
characterize every source of uncertainty,
wich means to define mathematical
expressions for its representation as well as
every the corresponding components (C. J.
Roy 2010). According to the author these
mathematical structures depend mostly of
the type of uncertainty analysed.

(B. Roy 2010) explains that analysing the
robustness of models helps to identify and
analyse the impact of (what he calls) frailty
points during the formal representation of
every phenomenon one wants to model,
caused by a lack of knowledge, information
or experience about it. These frailty points
are also frequently presented as sources of
uncertainty of the formulation of scientific
models and it is possible to find several
classifications for them.

Aleatory uncertainty its usually represented
by probability density function (pdf) or
cumulative distribution functions, where
sufficiently large samples of a population will
enable the calculations of those pdf
parameters (C. J. Roy 2010).
Epistemic uncertainty is traditionally
represented by an interval of values with no
associated probability or a probability
distribution wich represents the degree of
belief of the analyst about the variable
whose values he does not know (C. J. Roy
2010).

(Kroes 1996) refers that there are two main
sources of uncertainty being the model itself
and the inputs fed into the model.
Uncertainty in the model can also be
classified by uncertainty in model
specification or model calibration, being the
former related to the specification of the
parameters included in the model and the
latter related with the definition of the values
to those parameters.

(Clemen & Reilly n.d.) also discuss the
importance about the representation of
uncertainty, providing guidelines about its
modelling based on three methods:
subjetive probabilities based on expert
judgements, use of standard statistical
distributions and use of historical data to
define empirical distributions.

The same author also provides explanation
about the uncertainty in the calibration of the
model, wich can be related with statistical
errors, when using sampling methods to
calibrate the parameters, or with the use of
stated preferences, when using participatory
methods because of possible biases in
stakeholder’s judgements.

The same authors proposed the use of
Monte Carlo methods to acknowledge the
uncertainty in the results of a model caused
by those uncertainties, based on running the
model several times and analysing the
distribution of results obtained.
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This type of method is also discussed in
(Helton et al. 2006) and (C. J. Roy 2010) in
order to propagate the uncertainties to a
model by using input uncertainty variables.

#1.
Selection
rule

By analysing the variability of results of a
model
𝑦(𝑥) = [ 𝑦1(𝑥), 𝑦2(𝑥), … , 𝑦𝑛(𝑥)]
based on those input variables 𝑥 =
[ 𝑥1, 𝑥2, … , 𝑥𝑛] one can discuss the
robustness of the model when uncertainty is
accounted for.

#2. Panel
constitution

Case Study
Characterization
#5.
Stakeholders
judgements

Painel de
especialistas
Structuring
Painel de
stakeholders

#6.
Weighting
method
Scoring

#3. Panel
constitution

#7.
Stakeholders
judgements

#4.
Selection
rule

Data Collection

3. METHODOLOGY
3.1. Presentation
of
IAAPE
procedure and identification of
sources of uncertainty

#8.
- Subjective
measurement
indicators
- Auditing errors

IAAPE procedures is a tool for Walkability
measurement in urban environments based
in a multi-criteria approach. In order to
assess IAAPE model robustness we first
identified and classified every source of
uncertainty related to each stage of
application of the model. A summary of this
process is presented in figure 1 where every
stage of IAAPE is illustrated together with all
sources of uncertainty related with
methodological
assumptions,
model
specification, model calibration and possible
measurement errors in input data or in
parameters auditing. A more detailed
description of the IAAPE model can be found
in (Moura et al. 2017) and (Cambra 2012).

GIS Network
Analysis

Street
Auditing

#9.
Indicator
formula

Assembling into
GIS-tool

#8.
Pedestrian
network
vectorization

#9.
Indicator
formula

#11.
Aggregation
formula

#10. Utility
functions
definition
Walkability Scores
(Pedestrian X trip motive)

Validation

Street Surveys

#12. Erros
de
amostragem

Data collection
error related
uncertainty

3.2. Methodological approach

#13.
Métodos de
validação

Methodological
uncertainty

Model calibration
uncertainty

Model specification
uncertainty

Figure 1 - Uncertainties in each IAAPE stage

The output produced by IAAPE is a
Walkability score (0 to 100) for each street
segment analysed, for each pedestrian
group analysed (adult, children, elderly,
impaired) and each trip motivation (leisure,
utilitarian). The results obtained from the
original application of IAAPE (Moura et al.
2017) to the case study of Arroios (Lisbon)
are the basis of the present research where
source of uncertainty are to be analysed and
test the model’s robustness.

The uncertainty analysis was performed by
using the probabilities of each street to
change its Walkability category after the
simulation runs. The probability of changing
Walkability category was used here as an
indicator of dispersion or stability of the
simulation results comparing with the
original results and were calculated
assuming the distribution of scores obtained
for each segment, assuming Normal
distributions with mean and standard
deviation obtained from the simulation runs.
As an example, the probability of a street
with original score 45 (class 40 to 60 - level
C) to change its category, is determined by
the frequency of scoring more than 60 or
less than 40, after 1000 simulations.

The general methodology used in this work
is summarized in the figure 2.
In this work we also use the categorization
made in (Moura et al. 2017) for the
Walkability of Arroios in five classes from A
to E, where A corresponds to very good
Walkability (scores 80 to 100) and E
corresponds to poor Walkability (scores 0 to
20).

A sensitivity analysis was also done for the
weighting parameters, using the Spearman
correlation
coefficient
between
the
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Walkability Score and the weighting
parameter values of each dimension.

weights presented in Table 1. The accuracy
of the values defined by the stakeholders to
correctly
represent
the
pedestrians’
preferences are a source of uncertainty,
raising concerns about how different sets of
weights could change the final Walkability
assessment produced by IAAPE in Arroios.
In order to test this effect, the value of each
weight was considered not a unique value
but a random variable with a probability
density function (pdf).

After the simulations, it was possible to
obtain, for each street segment, a ranking of
the most influent dimensions in the final
score.

Table 1 - Original weighting parameters for each dimension (adapted from
(Moura et al. 2017)
Adults

C1
Connectivity
C2
Convenience
C3
Comfort
C4
Conviviality
C5
Conspicuousness
C6
Coexistence
C7
Commitment

Childred

Impaired
Mobility

Elderly

Utilitarian

Leisure

Utilitarian

Leisure

Utilitarian

Leisure

Utilitarian

Leisure

17%

4%

19%

9%

11%

7%

11%

15%

6%

19%

15%

23%

16%

27%

16%

10%

17%

12%

19%

18%

21%

17%

21%

20%

17%

23%

4%

18%

11%

17%

11%

15%

11%

19%

12%

14%

5%

3%

5%

5%

22%

15%

23%

14%

21%

17%

21%

15%

11%

8%

8%

5%

16%

13%

16%

20%

Triangular pdf were used to represent the
uncertainty of these weighing values, as they
are useful to represent continuous variables
in cases of extremely limited data but when
it is possible to define the most probable
value (Petrik et al. n.d.). The use of triangular
distributions also assume that the central
values are more probable than the upper
and the lower bounds. So, for each
combination “pedestrian group vs. trip
motivation” and for each weight of the MCA
model, we assumed a minimum value equal
to zero, mode value equal to the value
defined by stakeholders, maximum value
equal to one. In order to assure the sum of
all weight values equal to one in the addtivie
compensatory MCA model, the random
values were rescalled after each simulation
accordingly.

Figure 2 - General procedure used to test both sources of uncertainty

The two sources of uncertainty tested in this
work were: the calibration of the weighting
parameters
of
IAAPE
multicriteria
assessment (MCA) model; and errors in
input data measurement. Both were tested
separately. A probabilistic approach was
used assigning probability density functions
to each variable associated with the sources
of uncertainty tested. A more detailed
description of the distributions used is
provided in section 3.3. and 3.4.

3.4. Uncertainty related to collection
of input data

3.3. Uncertainty related to weighting
parameters

In this section, we present our assumptions
for simulating uncertainty resulting from data
collection. We recall that, in this stage, the
sources of uncertainty were the values of the
audited parameters needed for the
calculation of indicators for each dimension
of the IAAPE MCA model, not the indicators

IAAPE procedure has a scoring stage based
on a stakeholder panel to define the weights
of each dimension of Walkability for the final
MCA model. The application of IAAPE to the
Arroios case study provided the sets of
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themselves. The IAAPE model is based on
an GIS platform that brings together the
pedestrian network and all attributes
calculated by the GIS and external
parameters that are collected through street
audits

4. CASE STUDY
4.1. Original Walkability assessment
results

As referred before, the basis of our research
was the application results of the IAAPE
model to the case study of Arroios (Lisbon).
Those results are summarized in figure 3
and more details about it can be found in
(Moura et al. 2017).

In order to simulate those data collection
errors, pdf were assigned to each parameter
used in the IAAPE model. Two types of
errors were considered: 1) measurement
errors in GIS-based input data or
vectorization of street pedestrian network
and 2) subjectivity in street auditing,
resulting in different results between
different auditors for the same attributes.
For the GIS-based parameters the error was
simulated using a Normal distribution with
mean equal to the original measured value
and standard-deviation equal to 10% of the
original value.
For the street audited parameters, a different
rationale was used. Since these parameters
depend on counting or qualitative evaluation
(levels of service) of some urban
characteristics, they result in discrete
outputs and discrete probability functions
were used. These probability functions were
built assuming a success probability
atributed to the original auditing result and
alternative
results
meaning
the
counting/evaluation of just one below or
above the original result.

Figure 3 - Original results of Walkability assessment in Arroios (adapted
from (Moura et al. 2017)

4.2. Simulation results – uncertainty
in weighting parameters

Inter-rater reliability values obtained after insite training sessions were used as success
probabilities. On a sample of 17 street
segments, there was good agreement (over
70%) in most factors being audited, the main
exceptions being “Pavement Quality” (60%
agreement) and “Sense of place and
reference elements” (35% agreement)
(Moura et al. 2017).

In this section, we described the stage where
different sets of weights were simulated for
the dimensions in each combination
“pedestrian group X trip motive”. The main
output variable of interest used to test IAAPE
robustness was the probability of each street
to change his Walkability class. The
understanding here is that if there is high
probability of change category for every
walkability score range, then IAAPE’s
robustness is very volatile and, as such, not
robust nor reliable. Conversely, if there is low
probability of shifting walkability score range,
then the mode is robust and reliable. Figures
4, 5 and 6 show the pedestrian network
distribution per classes of probability of
changing it’s original Walkability score range
for the different combinations of pedestrian
group versus tripo motivation.

In this stage, we also controlled random
simulations by introducing correlations
between the parameter values, to avoid
unrealistic variations between correlated
parameters. These correlations were
previously calculated using the original
auditing values. As such, it was assured the
simulation process did not ignored the
correlations verified in urban characteristics
of Arroios street pedestrian network.
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Figure 4 - Pedestrian network distribution by changing Walkability class
probabilities (Adults)

Figures 4 to 6 suggest that most pedestrian
network
segments
registered
low
probabilities of changing Walkability score
range. For all the combinations “pedestrian
group vs. trip motive”, it was possible to
verify that more than half of the network has
changing probabilities lower than 30%.
These results suggest an acceptable
robustness of the Walkability assessment
provided by IAAPE when facing uncertainty
in weighting parameters calibration, with no
extreme diferences between the original
assessment and the simulation result
outputs.
The average probability of changing
Walkability score range for each one of the
original classes was also analysed, having
the different pedestrian groups showed
different trends (Abreu 2017).
The probability of changing Walkability score
range
was
also
disaggregated
in
probabilities of upgrading or downgrading.
The results showed that in utilitarian trips for
all pedestrian groups, the probabilities of
downgrading were consistently greater than
upgrading Walkability class (Abreu 2017).

Figure 5 - Pedestrian network distribution by changing Walkability class
probabilities (Children)

Figure 6 - Pedestrian network distribution by changing Walkability class
probabilities (Elderly)
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Sensitivity analysis were done using the
Spearman correlation coefficient between
the Walkability scores and the simulated
values for each weight registered after the
1000 simulations for each street. This way
we wanted to check which Walkability
dimension influented the most the final
Walkability score. In order to achieve that, 50
and 75 percentiles of Spearman correlations
were calculated for all network segments.
For the Adults group, ‘Confort’, ‘Conviviality’
and ‘Coexistence’ were the most influent
dimensions. ‘Confort’ and ‘Coexistence’
registered mainly positive correlations with
the Walkability score, suggesting that a new
calibration of these dimensions resulting in
an increase (decrease) of the MCA model
load fators would correlate with higher
(lower) values of the new Walkability score.
The dimension ‘Conviviality’ registered
inverse relationship. These results can be
found in Tables 2 and 3 in terms of original
weight of each dimension, percentiles 50
and 75 of the Spearman correlation of the
entire set of street segments, the sign
distribution of the correlation coefficient and
the score range obtained for each
dimension.

Table 2.1 – Sensitivity analysis results “Adults X utilitarian”
Connectivity

Convenience

Comfort

Conviviality

0,17

0,06

0,17

0,17

P50

0,166

0,123

0,361

0,435

P75

0,287

0,231

0,508

0,498

+

24%

15%

82%

30%

–

76%

85%

18%

70%

P25

20,0

25,0

62,5

0,0

P75

44,5

50,0

87,5

100,0

Weights

The same analysis was repeated for
Children and Elderly. The former showed
that the dimension ‘Commitment’ as the
most influente alternating between positive
and negative correlation sign and the latter
has dimensions ‘Confort’ and ‘Coexistence’
with higher and positive correlations (Abreu
2017).

Spearman
Correlation:

Sign:

Finally, we note that the sensitivity analysis
outcomes only suggest possible effects of a
recalibration of the weight values for this
specific case study and extrapolations
should not be done. Also, the Spearman
correlation coefficient analyses statistical
correlations between the ordered ranks of
the values for the two variables compared
and, therefore, it only suggests causality
relationships rather proofing them.

Score
range

Table 2.2 - Sensitivity analysis results “Adults X Utilitarian

Conspicuousness Coexistence Commitment
Weights

0,11

0,22

0,11

P50

0,379

0,377

0,336

P75

0,478

0,498

0,410

+

26%

97%

32%

–

74%

3%

68%

P25

0,0

73,4

0,0

P75

50,0

77,8

57,4

Spearman
Correlation:

4.3. Simulation results – uncertainty
in collection of input data

Sign:

In this section, a presentation of the results
of the second stage of simulations is
provided. In this stage, different values for
GIS-based and street audited parameters
were also simulated 1000 times.

Score
range

IAAPE robustness was tested once again,
this time facing a different source of
uncertainty. As a first note it was possible to
verify more heterogeneity in changing
Walkability class probabilities of the Adults,
Children and Elderly groups comparing to
the results of simulations to different weights
where similar trends were registered. The
validity of these results is supported by the
fact that different pedestrian groups evaluate
the urban environment using different sets of
indicators.

Table 3.1 - Sensitivity analysis results “Adults X Leisure”
Connectivity

Convenience

Comfort

Conviviality

0,04

0,19

0,12

0,23

P50

0,189

0,114

0,386

0,402

P75

0,331

0,226

0,547

0,507

+

28%

19%

82%

30%

–

72%

81%

18%

70%

P25

20,0

25,0

62,5

0,0

P75

44,5

50,0

87,5

100,0

Weights
Spearman
Correlation

Sign:

Score
range

The pedestrian network distribution per
classes of probability of changing it’s original
Walkability
class
for
the
different
combinations can be found in the figures 7,
8 and 9. Adults group showed a global
increase in changing Walkability class
probabilities, having 75% of the street
network register probabilites between 40
and 60. Children group registered low
probabilitites of changing Walkability class
for the majority of the street network,
showing stabitility between original and
simulations outputs. The Elderly group was
the most stable group when comparing the
original
Walkability
evaluation
and
simulation outputs. For this group, 65% of
the street pedestrian network segments
registered probabilities lower than 20%.

Table 3.2 - Sensitivity analysis results “Adults X Leisure”
Conspicuousness Coexistence Commitment
Weights

0,19

0,15

0,08

P50

0,313

0,386

0,348

P75

0,440

0,514

0,434

+

28%

97%

34%

–

72%

3%

66%

P25

0,0

73,4

0,0

P75

50,0

77,8

57,4

Spearman
Correlation

Sign:

Score
range
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These results suggest that the Walkability
assessment made by Adults pedestrian
group should be the one used with more
caution, being the one that could be more
influenced by errors in the collection of input
data.

These results were disaggregated and the
average probability of changing Walkability
class for each one of the original classes
was also analysed, having the different
pedestrian groups showed the same trend of
having higher probability in the uppest and
lowest Walkability classes. This result
indicates that the intermediate Walkability
classes are the more stable and the extreme
classes are the ones more influenced by
biases caused by errors during the collection
of input data (Abreu 2017).
The disaggregation of changing Walkability
class probabilities in upgrading and
downgrading probabilities did not show
relevant trends. Sensitivity analysis could
not be done in this stage due to computation
limitations to accomplish the complex
calculations required.

Figure 7 - Pedestrian network distribution by changing Walkability class
probabilities (Adults)

Figure 8 - Pedestrian network distribution by changing Walkability class
probabilities (Children)

Figure 9 - Pedestrian network distribution by changing Walkability class
probabilities (Elderly)
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5. RESULTS DISCUSSION
5.1. Uncertainty
parameters

in

weighting

In this section, we interpret and discuss the
meaning and validity of the obtained results,
as well as an identification of the limitations
faced during the work. In this stage, different
sets of weights were simulated in order to
test their effect in the final outputs and the
model showed an acceptable robustness for
all combinations. Therefore, downgrading
Walkability score ranges for utilitarian trips is
not likely, suggesting that the original IAAPE
weight values defined by stakeholders tend
to overestimate the score calculation.
Although this is an interesting conclusion, it
should be noted this can be influenced by
the probability density functions used.
Figures 10 and 11 show the distributions
used for lower (Conviviality) and higher
(Coexistence) dimensions for “children
group vs. utilitarian trip”. As you can see on
those figures, the usage of a higher mode
value for the triangular pdf results in more
equivalent “left-sided” and “righ-sided” areas
around the mode. This leads to more
equivalent trend to increase or decrease the
weight value. On the other hand, a lower
mode value for the triangular distribution
results in a larger “right-sided” area around
the mode, leading to the simulations to
frequently increase the weight value.

parameters of IAAPE’s MCA model would
influence differently each pedestrian group
but the main remark was the stability of
simulation results comparing to the original
results, showing robustness of the original
IAAPE Walkability assessment for all
groups.

5.2. Uncertainty in collection of input
data
In this stage, we tested the influence of
errors during the data collecion for
Walkability evaluation. Results showed that
the Elderly group would produce the most
stable evaluation even facing this source of
uncertainty and the Adults group would be
the most susceptible registering higher
values of changing class probabilites. The
difference between these results should be
atributed to the evaluation of dimensions
‘Convenience’ and ‘Conviviality’, as only
these use different evaluation indicators.
Adults group evaluate ‘Conectivity’ based on
“Land use diversity” and the dimension
‘Conviviality’ based on indicator “Land use
and service hours diversity”. Both indicators
are calculated using parameter Aud10, so an
error or different observation of the auditor
would influence the calculation of both
indicators and the evaluation of both
dimensions. This would imply influencing
mostly the final Walkability score. Children
and mostly Elderly pedestrian groups
registered low changing class probabalities
revealing IAAPE robustness when facing
uncertainty in auditing observations.

Figure 10 – Probability density function used for
dimension Conviviality on “Children x utilitarian”

Figure 11 - Probability density function used for
dimension Coexistence on “Children x utilitarian”

The inversion of preferences registered
between utilitarian and leisure trips as well
as the explanation provided before could
justify the verified trend for downgrading
Walkability score ranges.
To avoid introducing this in the simulation
process we propose further developments
using triangular distributions with equal
mode value for all dimensions.

Even knowing it was not possible to
accomplish sensitivity analysis in this stage,
one would expect to obtain positive
correlations between all parameter values
and Walkability score with exception of
parameters SIG1 and SIG2. For those
parameters utility functions atribute higher
scores to lower values for the ratio used. We
recall to the interest of having obtained these
sensitivity analysis results in order to know
what parameters could biase mostly the
Walkability scores and would require more
focus on training sessions as the ones done
during the application of IAAPE in Arroios.

Sensitivy analysis showed the most influent
dimensions using Spearman correlation
coefficients but it should be noted that these
results do not depend only on the weight
values variability but also to the registered
set of values collected for the indicator. As
an example, we can take the dimension
‘Conectivity’, whose indicator values
registered similar values for all the street
pedestrian network. This can justify this
dimension never being one of the most
influent for none of the combinations.
Finally, this simulation stage showed nonlinear relationships between the original
Walkability scores and changing class
probabilities and different tendencies for
each pedestrian group. These results
suggest that a recalibration of the weighing
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6. CONCLUSIONS AND FURTHER
RESEARCH
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