
We thank the Editor for seeing merit in our work and for sending us the Referees’ reports. These provided valuable input and
recommendations. We also appreciate that both Referees saw value in our work “I think this work is of interest for a wide
community of scholars,” (quoting the first Referee) and “The paper is well written and the approach can be of importance for
similar applications in other cities and countries.” as the second Referee states. We particularly appreciate the Referees’ helpful
suggestions on technical points and details of presentation, which will ensure our paper is more easily accessible to a broad
audience.
As we were preparing for the reply, a devastating blast hit Beirut, and took us all by surprise. We see the urgency of putting this
work out to inform the scientific community about the buildings’ details, which are part of all the modeling initiatives calling
for the dissemination of such data: be it the shock wave simulation in this complex urban environment, damage assessment, ret-
rograding and buildings’ preservation. We also provide a link to our dataset: https://www.dropbox.com/sh/we1kjbzefw13mo8/
AAB4TcMG2yY3rSIyiM6xW7Sua?dl=0.

Concerning the detailed comments, we address them below and list the corresponding changes in the manuscript. Original
comments of the Referees are in blue and changes in the manuscript are in red, both here and in the revised manuscript.

With these changes and clarification, we trust our manuscript is now suitable for publication in PLOS One.

Reply to the first Referee:

Referee 1: This work estimates additional properties of buildings in Beirut, Lebanon. On the basis of a smaller data set, the
authors use methods from machine learning to estimate the number of floors and year of construction. The resulting data - given
a certain validity of the method - provides novel insights into the building stock of the city, which is crucial in developing cities
such as Beirut. It might be a valuable tool for a resilient future development in a place where no recent census data exists,
or (building) information is scarce. I think this work is of interest for a wide community of scholars, as it shows some of the
potential machine learning methods have when data accessibility and availability is limited, as it is often the case in poorer
countries. Although the manuscript appeals to me, I think a few clarifications and improvements are necessary. It seems to me,
that the data cleaning process is a little too stringent, as more than two thirds of the buildings get removed. Does the USJ data
set not represent a good sample of the building stock in Beirut? I think it would improve this part, if a little discussion about
the data would be there, or a table/figure that shows the distribution of the two used parameters for the full data set. Especially,
since so many buildings are removed already in this first step.

Reply: We thank the Referee for characterizing our work as novel, crucial, and valuable. We also acknowledge that their
reservations on the current manuscript’s methodology section, given that readership of PLOS One, are very valid.
Indeed, as the Referee notes, in the data cleaning process more than two thirds of the buildings are filtered out. The USJ data
set is a very good representative one, however it did not include the building’s height as a descriptor. Buildings’ footprints were
manually digitized over the entire city of Beirut by CNRS-L using aerial photos at 15cm resolution and VHR pan-chromatic
satellite images from Pleaides-1A at 70cm resolution. This is not part of our work but rather a CNRS-L in-house processing
step, which was made available to us. A large number of these buildings, when overlaid on the USJ dataset, turned out to
have atypical floor height (≤ 2.8m or ≥ 4, 5m) and thus were removed from the dataset. This lead to the filtering of around
two-thirds of the buildings.

Action: This sentence was added to the text: It is worth noting that buildings’ footprints were manually digitized over the entire
city of Beirut by CNRS-L using aerial photos at 15cm resolution and VHR pan-chromatic satellite images from Pleaides-1A at
70cm resolution. This is not part of our work but rather a CNRS-L in-house processing step, which was made available to us.

Referee 1: I have always a hard time reading 3D plots in manuscripts. I think it might be more informative if Figure 1 was
similar to a correlation plot (or sometimes called ’scatter plot matrix’). Also, I would find it informative, to see what the Principle
components look like, as they can tell a lot about how the data looks like in general.

Reply: We thank the Referee for his/her suggestion to use a different representation for the PCA. We added the below scatter
plot matrix in addition to the 3D plot in our original document as they carry the same information in different dimensions.

Action: The below figure was added along with the sentence “To visualize the outliers, the six features were reduced to three
using the Principle Component Analysis (PCA), which allowed for a 3D representation of the samples as function of the new
dimensions, as shown in Fig. 1 as well as the corresponding two-dimensional scatter plot matrix shown in Fig. 2 . ”

https://www.dropbox.com/sh/we1kjbzefw13mo8/AAB4TcMG2yY3rSIyiM6xW7Sua?dl=0
https://www.dropbox.com/sh/we1kjbzefw13mo8/AAB4TcMG2yY3rSIyiM6xW7Sua?dl=0
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Correlation plot of the buildings samples after applying PCA for dimension reduction, with outliers highlighted in
brown.

Referee 1: I think it would be good to make the methods section a little bit more understandable for non-experts, as PLOS
One has a readership from across different fields. For example, that it would be great if the specific choices for the different
algorithms would be explained in a little more detail. Also, a non-expert might not immediately know what the meaning of the
different scores exactly is and what information they exactly provide to the precision of the methods. The same accounts for
why the authors chose the specific subsets sizes to train, validate, and test the model. I believe that the whole Methods section
would benefit from such additional explanations. This extends into the results section, where I would love to see the different
results from the exploration of different models, number of layers, non-normalized vs. normalized data, and so on.

Reply: We agree with the Referee that the algorithms and the scores need to be defined properly to justify their use. As for the
sizes of the training, validation, and test sets these correspond to the 55%, 25%, and 20% respectively often recommended in the
literature. For the results section, we presented the optimal combination of parameters for the different models which minimized
the error measures.

Action: The following text in red was added to the beginning of the Methods section: “The selection of the buildings’ fea-
tures, that is the independent variables, can be justified by a correlation analysis achieved with the Pearson coefficient for
the floors’ number, which is used to evaluate bivariate correlation between continuous variables, and a dependency strength
achieved with the logistic regression’s accuracy score for the construction period, which is used to assess the accuracy of multi-
label categorical classification as seen in Table 2. The Pearson coefficient is defined to be the ratio between the covariance
between variables over the product of their respective variances given by cov(x, y)/σxσy . The accuracy score is given by:
accuracy = (1/nsamples)×Σ

nsamples

i=1 1(ypred,i = ytrue,i), where ypred,i is the predicted value of the i− th sample and ytrue,i
is the corresponding true value.”

We also justify the split in the sizes of the training, validation, and test sets by adding the following: “The dataset of 1, 536
samples was subdivided into training, validation, and test sets each containing respectively 859, 369, and 308 samples, which
correspond respectively to the 55%, 25%, and 20% splits, often recommended in the literature.

The following was added to give all the details about the algorithms used: “MLF neural networks are the most popular
type of NN. Their design is motivated from a real brain: networks of simple processing elements, neurons, operating on their
local input data and communicating the output with other elements. Each neuron is connected to at least one other neuron,
and each connection is evaluated by a weight coefficient.The training of a NN is in fact adjusting these weights in such way,
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the calculated outputs of the whole network are as close as possible to the actual ones [37]. RF are an ensemble learning
method for classification or regression, which consist of constructing several estimators or decision trees at the training time
and outputting the majority vote of the estimators for class prediction, or their mean prediction for regression [36]. Finally,
multiple logistic regression is a classification method that describes the relationship between a nominal-scaled , i.e categorical
variable and a set of independent variables. It consists of calculating the probabilities of the different possible outcomes of the
categorical variable [38]. The number of hidden layers of the NN, which outputs the number of floors, ranged from 1 to 3, with
corresponding number of neurons ranging from 3 to 8, and learning rate from 0.001 to 0.1. As for the construction period’s
logistic regression algorithm we used multiple solver to guarantee convergence such as Newton and BFGS solvers, a one-vs-the
rest (OVR) multi-class strategy which consists of fitting one classifier per class, and finally features were selected according
their k-score which is an inter-reliabilty measure for categorical variables. As for its NN, the hidden layers ranged 3 from to
8, with corresponding number of neurons varying from 1 to 40. The solvers we used were ADAM, BFGS, and Sigmoid, and a
variety of activation functions were applied such as logistic, tanh, and relu. The learning rate was varied between 0.001 to 0.1.
Finally, the RF estimators ranged from 10 to 500, with maximum depth ranging between 3 and 6, and maximum features used
when considering the optimal split were defined using auto, and the criteria to evaluate the quality f the split was measure by the
Gini impurity and the entropy.”

Referee 1: In general, it would be interesting to see how sensitive the pipeline is to changes and what the different results were
during the exploration step. As this might be crucial if other people would want to use the same method.

Reply: We Thank the Referee for asking this important question on the sensitivity of the pipeline. We reassert that the reported
models outperformed all the others and here we show a sample of how sensitive the prediction period to the normalization and
sampling.

TABLE I. Sample of the pipeline’s sensitivity analysis.

Construction period RF with sampling without normalization RF with sampling and normalization
1 0% 37.5%

2 30.9% 43.6%

3 62.1% 51.5%

4 46.1% 44.7%

5 53.1% 46.5%

Action: The above table was added to the text. The sensitivity of the pipeline to the our desired methodology was also tested.
Here 191 we present an illustration of the effect of sampling and normalization on RF. It is worth 192 noting that without
sampling the model misses all of the buildings from the first 193 construction period as shown in Table 3.

Referee 1: The authors compare the distribution of floors in Beirut to a power-law and a lognormal distribtution. What does it
mean that they follow more one or the other? What are the additional insights one gains from this?

Reply/Action: We added the following sentences in red to clarify the meaning of this finding: The fact that the distribution
of predicted buildings’ heights follows a power-law and not a log-normal is a confirmation that our model recovers known
properties about the heights. This is further a consistency check on the validity of the results. These distributions are namely
indicators of the underlying dynamical processes that generate them: power-laws result from multiplicative processes while
log-normal from additive log-Gaussian ones [28].

Referee 1: I have mentioned before, the work is very appealing for me. However, I think the manuscript in its current form is
not suitable for publication in an interdisciplinary journal like PLOS One, as it is currently located in a space where it has not
enough detail for subject experts (e.g. what kind of NN model did you use?) and not explanatory enough for non-experts (e.g.
what does it mean, if the results fit one distribution better than another?). I advocate for some major revisions to bring it more
into a form that is suitable for this journal as it is in its core very interesting work, about which I want to know more detail about.

Reply: We thank the Referee for stressing what what we need to direct our attention to in this revised version of the manuscript.
These points have been addressed in details above.
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Reply to the second Referee:
Referee 2: Please clarify if the city of Beirut or the metro-region is considered. I guess it is the former. Please also add
an approximate population figure. Dividing the population by the number of buildings gives a rough idea about population
density/floors.

Reply: As the Referee correctly points out our study area is the city of Beirut. The first Referee states one of the challenges of
studying a city like Beirut is the absence of census data. The latest was carried out in 1994. Therefore, any population density
estimation is flawed with errors. We argue that surveying

Action: This was added to clarify the area of our study: “Beirut, the city, is located on the eastern shore of the Mediterranean
sea with a stock of 17, 742 buildings (in 2016).”

Referee 2: In my opinion 3D representation inadequate never works in 2D. Please develop an alternative representation.

Reply: Both Referees agree about the representation of the PCA in 3D. The point the second Referee raises was addressed by
adding the 2D scatter plot matrix shown in Figure 2 in this revised version of the manuscipt.

Referee 2: The power-law exponent is very large (also in the publication by Batty). The problem is that such steep power-law
distributions loose what makes power-laws special and they become similar to other distributions.

Reply: We agree with the Referee that the value of the power-law exponent is large. However, it could still be differentiated
from a lognormal distribution through the log-likelihood ratio.

Referee 2: The prediction of period of construction could be improved by including information on location, e.g. distance from
center.

Reply: We agree with the Referee that the location from the center could be a contributing factor in the prediction of the year
of construction. It is worth noting that we have started our experimentation with the latitude and longitude as independent
variables, which proved to be way less significant that the ones we kept. We also looked at correlation between buildings’ year
of construction and their relative distance from the center. This we believe to be caused by the fact that our dataset is already not
spatially very extended from the center and sparse when it comes to the distribution of years of construction. However, the point
the Referee makes is a very important one and would give lead into the historical evolution of the city.


	

