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Conclusions

385 people like this. Be the first of your friends.
What this handout is about

This handout will explain the functions of conclusions, offer strategies for writing effective ones, help you evaluate your drafted conclusions, and suggest
conclusion strategies to avoid.

About conclusions

Introductions and conclusions can be the most difficult parts of papers to write. While the body is often easier to write, it needs a frame around it. An
introduction and conclusion frame your thoughts and bridge your ideas for the reader.

Just as your introduction acts as a bridge that transports your readers from their own lives into the “place” of vour analysis, your conclusion can provide a
bridge to help your readers make the transition back to their daily lives. Such a conclusion will heip them see why all your analysis and information should
matter to them after they put the paper down.

\ Your conclusion is your chance to have the last word on the subject. The conclusion allows you to have the final say on the issues you have raised in your
P paper, to synthesize your thoughts, to demonstrate the importance of your ideas, and to propel your reader to a new view of the subject. It is also your

opportunity to make a good final impression and to end on a positive note.

Your conclusion can go beyond the confines of the assignment. The conclusion pushes bevond the boundaries of the prompt and allows you to consider
broader issues, make new connections, and elaborate on the significance of your findings.

Your conclusion should make your readers glad they read your paper. Your conclusion gives your reader something to take away that will help them see
lhmgs differently or appreciate your topic in personally relevant ways. It can suggest broader implications that will not only interest your reader, but also
ennch your readei’s life in some way. It is your gift to the reader.

Strategies for writing an effective conclusion

One or more of the following strategies may help you write an effective conclusion.

\ « Play the “So What” Game. If you're stuck and feel like vour conclusion isn't saying anything new or interesting, ask a friend to read it with you.
Whenever you make a statement from your conclusion, ask the friend to say, ‘So what?” or “Why should anybody care?” Then ponder that question

and answer it. Here's how it might go:
You: Basically, I'm just saying that education was important to Douglass.
Friend: So what?
You: Well, it was important because it was a key to him feeling like a free and equal citizen.
Friend: Why should anybody care?

You: That's important because plantation owners tried to keep slaves from being educated so that they could maintain control. When
Douglass obtained an education, he underinined that control personally.

You can also use this strategy on your own, asking yourself “So What?" as you develop your ideas or your draft.

Return to the theme or themes in the introduction. This strategy brings the reader full circle. For example, if you begin by describing a scenarie, you

can end with the same scenario as proof that your essay is helpful in creating a new understanding. You may also refer to the introductory paragraph
by using key words or parallel concepts and images that you also used in the introduction.

—
.

Svnthesize, don’t summarize: Include a brief summary of the paper’s main points, but don't simply repeat things that were in your paper. Instead,
» show your reader how the pothts you made and the support and examples you used fit together. Pull it all together.

Include a provpeative insight or quotation from the research or reading you did for your paper.
o

= Propose a course of action, a solution to an issuie, or questions for further study. This can redirect your reader’s thought process and help her to apply

your info and ideas to her own life or to see the broader imphcations. ? o s o (_D
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Abstract: In this paper, we introduce a new clustering algorithm for spatial-temporal data based on
DBSCAN (Density-Based Spatial Clustering Applications with Noise) method. Our algorithm, ST-
DBSCAN, improves DBSCAN method in three important directions: clustering spatial-temporal data
based on its non-spatial, spatial and temporal attributes, detecting noise points using different density
factor for each cluster and identifying adjacent clusters by comparing the average value of a cluster
with new coming value. Moreover, in this paper, we present a spatial data warehouse system, which is
designed for the purpose of storing and clustering a wide range of spatial-temporal data. Experiments
are conducted to demonstrate the applicability of our algorithm to real world problems.

Vade_
Conclusion: We have presented an algorid%or clﬁs?tenng spatial-temporal data which improves ‘u._c{
DBSCAN rnethod and shows potential appliCability in solving real world problems. The pém

three main contributions: the two distance metri patial values and non-
spatial values, the density factor for noise detection and the average comparisan for identifying
adjacent clusters. The experimental results suggest that ST-DBSCAN is robust for clustering spatial-
temporal data. The processing time is significantly improved by our data warehouse system. We utilizes
the R-Tree inigexing method to handle spatial-temporal information, and we also adopts some filters to
reduce the search space for spatial data mining algorithm.
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Conclusion:

While DBSCAN is useful in many contexts, it has some problems in practice because it was not
designed specifically to handle spatial-temporal data, and it has difficulty recognizing clusters when the
data has regions with variable density. In this paper we introduced ST-DBSCAN, an improvement on
DBSCAN that fixes many of DBSCAN's problems while maintaining the same order of algorithmic

time complexity, O(n*logn). }s 0l WO L‘E J\V\Q&Q

S Spatial data and temporal data are different from other data types becalé{%they come with a set of

Qllllkwi&shiis‘}n space and time. Clustering algorithms that are madé&¥or spatial-temporal data,
like ST-DBSCAN, give much more accurate information than algorithms that were not designed with
these relationships in mind.

First, unlike DBSCAN, ST-DBSCAN is designed to cluster points based upon non-spatial, spatial,
and temporal data. Second, ST-DBSCAN is able to handle clusters with varying densities because it
assigns each cluster a 'density factor' which allows the distance swept out from a point to vary with the
density of the region. Finally, ST-DBSCAN prevents clusters from artificially expanding to include

é@ \ large numbers of noise points by comparing each new point that would be assigned to a cluster against
od « the average values in the cluster. ogether, these advantages allow ST-DBSCAN to recognize patterns
SM % that normal DBSCAN may miss, and to more easily thread the needle between clustering a diffuse
g cluster together correctly and avoiding including noise points in to a densely packed cluster.v
OCo~
Q% We also developed a spatial data warehouse system that works well with ST-DBSCAN.
( ST e Broed ) Uhop acSe
&\,&j{)&“\,‘ Finally, we demonstrated ST-DBSCAN's effectiveness on real world data.

ﬂn future work, we plan to run ST-DBSCAN on data sets that have explicit classes to see how well
our clusters discover actual already recognized underlying similarities in data. We also plan to compare
its results against multiple other spatial-temporal clustering algorithms to see how well ST-DBSCAN
performs relative to its direct peers. ] ('Z>
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Conclusion

Clustering is one of the important methods for knowledge discovery and data mining applications.

Spatial-temporal data is being generated in large amounts and needs to be analyzed. The paper

introduces a new density-based clustering algorithm for clustering spatial-temporal data. The existing

density-based algorithms are not designed to cluster spatial, non-spatial and temporal data. Moreover, ‘& DT

they cannot discover clusters of different densities or adjacent clusters. The proposed algorithm b

to overcome these difficulties by introducing similarity measures for spatia non-temporal data N Gy 2 .
(Eps1 and Eps2), a density factor w.ﬂiﬁbjgnjﬂﬂﬂhr;dﬁnsixy_o_f_emme__and a threshold value forthe \ \’\'\Q
difference between average value g ) alue. The algorithm works in a similar b\’\ C—Q—P Qg“
manner as the DBSCAN algorithm and also has untime complexity very similar to the DBSCAN

algorithm. \3 0"\& bo U\‘\J\&.QA SSGQ,\&

% A satial-teo | warehouse is used b demonstrate the applicability of the algorithm to real world P\D By 47&
r problems. First application was discovering regions with simflar sea temperature values. The algorithm
- CQCS 1) OO

was able to generate clusters with similar characteristics. It discovered regions of the sea nearby colder

regions in the north (seographically) as clusters and regions of the seas with hotter temperatures in the QB
(8]) N

south (geographically) closer to the equator as clusters. The second applicatio s finding regions with
similar sea surface height values. It discovered clusters in the three seas with dim\lar characteristics. The csr& Q \‘ ‘O \“—"
third application was discovering regions with similar wave height values. The 3igorithm was able to W ¢ Colon |t S

cluster regions which had significantly similar wave heights; some of them with eights as low as 0.5

meters and some of them with heights as high as 3.6 meters. \\
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An algorithm like ST-DBSGAN designed for clustering spatial-temporal data can be used in applications ,E_\/\ &\ ‘\:Q—Qi
j:k!&v\\&

such as geographical infgrmation systems, medical imaging, and weather forecasting. Some examples of

Y applications can be etecting changes in vegetation vigor, town planning according to commuting Ck,\ (\M
X 5 AT 8b

S -;w Batterns, etc. A similar application would be in ?rajecto clustering where you cluster data based on the
P trajectories of objects in the spatial-temporal domain. re research directions could be in developing X
spatial-temporal clustering algorithms that improve on gther types of clustering methods, i.e. i) partition - KLDQ
algorithms (k-means, k-medoids), ii) hierarchical algofithms (CURE, BIRCH), iii) grid-based algorithms
(STING, WaveCluster) and iv) model-based algorithms (COBWEB). Other direction of research would be

outlier/anomaly detection in large databases in spatia -temporal domain.
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Nikolaos Sarafianos — 1392654 Advanced Machine Learning - Homework 1

Professor: Dr. Eick Th. 10.29.2015

ST-DBSCAN: An algorithm for clustering spatial-temporal data

Abstract:

Spatio-temporal clustering is a process of grouping objects based on their spatial and temporal similarity.
In this paper, we present a new density-based clustering algorithm ST-DBSCAN which is based on DBSCAN.
We selected DBSCAN algorithm due to (i} its ability in discovering clusters with arbitrary shape; (i) the fact
that it does not require predetermination of the number of clusters; and (iii) its ability to process large
databases. The proposed algorithm improves DBSCAN without changing its runtime complexity in three
ways: (i) can cluster spatial-temporal data according to its non-spatial, spatial and temporal attributes; (ii)
can detect some noise points when clusters of different densities exist by assigning a density factor to
each cluster; and (iii) solves the problem of completely different values in the object borders of 2 sides in
a cluster. We applied ST-DBSCAN to a spatial data warehouse system we designed for the purpose of this
paper and present our results in 3 data mining applications.

Conclusion: 'S\\ Q gj/ )

In this paper we introduced ST-DBSCAN Bnew density-based clustering algorithm based on DBSCAN

which exploits its key characteristics ang at the same time improves its limitations. ST-DBSCAN is

capable of clustering spatial-temporal data according to its non-spatial, spatial and temporal attributes

and by comparing the average value of each cluster with new coming value, it tackles the problem that “\Ob
in the object borders of 2 sides of a cluster are different. We also introduced a CO
which is assigned to each cluster in order to address the problem of noise points in cases

rs have different densities. Finally, we presented 3 data mining applications of our

i by designing a spatial-te ral data warehouse which contains geographical information

abouydifferent seas and described the process of KDD in each step.
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Assigned Paper: ST-DBSCAN: An Algorithm for Clustering Spatial-temporal data

Student: Pham Dinh Nguyen

Abstract

This work proposes an algorithm to cluster spatial temporal data. The algorithm is ST-DBSCAN,
based on the well-known density-based DBSCAN algorithm. DBSCAN strength is scalability and ability to
discover cluster of arbitrary shapes. We further extend DBSCAN with three important contribution:
clustering spatial temporal data according to its non-spatial, spatial and temporal attributes; efficiently
detecting noise points in the presence of different densities; stabilizing border points detection for
adjacent clusters. We also present a data warehouse system, which provides storage, management,
clustering analysis, and visualization for a wide range of spatial temporal data. We use that system to
demonstrate our algorithm and discuss the clustering results.

Conclusion E"’? & \ LA

In this study, we introduce ST-DBSCAN with three major improvements to DBSCAN anre mitigate
its current limitationy ¥main extension is the ability to cluster spatial temporal data. The second

extension is the introduction of density factor, allowing%\é‘t%&ion of clusters with different densities,

h'?ch is use§u£ lé.”f\r%gi? eal data-$ets: The third improvement is the use of the mean value of the cluster N
ustly

w
to termine border points, which is critical for adjacer&tvclusters. LAY v \' Q\\_LQJ ;
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We demonstrate our algorithm with real weather sensing data set, 'using our“own data o5

M%eho\usi The results are visualized and presented in a user-friendly interface, showing some interesting

ndings-
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As an extension over DBSCAN, our algorithm requires more preset thresholds, as shown in the
pseudo code. Though we only mention one heuristic method to choose these parameters, we believe
there can be others heuristics, considering the spatial temporal relation) > o\ o} ' L Wor

Our implementation has the same performance with DBSCAN, which is O(n*log(n)), which is Q—UQQA-‘S\
amg e in clustering methods. We further improve the performance by apply R-Tree
index in our database, and ble to process large real data sets. Further improvement might be in the
direction of parallelizing the warehouse system.
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