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12 Abstract:
13 Crowdsourced Data (CSD) generated by citizens is becoming more popular as its potential
14 utilisation in many applications is increasing due to its currency and availability. However, the
15 quality of CSD, including its relevance, is often questioned as the data is not generated by
16 professionals nor follows standard data collection procedures. The quality of CSD can be assessed
17 according to a range of attributes including its relevance. Information relevance has been explored
18 through using in Geographic Information Retrieval (GIR) techniques to identify relevant
19 information. This research tested a relevance assessment approach for CSD by adapting relevance
20 assessment techniques available in the GIR domain. The thematic and geographic relevance were

21 assessed using the Term Frequency-Inverse Document Frequency (TF-IDF), Vector Space Model
22 (VSM) and Natural Language Processing (NLP) techniques. The thematic and geographic

23 specificities of the queries were calculated as 0.44 and 0.67 respectively, which indicates the queries
24 used were more geographically specific than thematically specific. The Spearman's rho value of 0.62
25 indicated that the final ranked relevance lists showed reasonable agreement with a manually
26 classified list and confirmed the potential of the approach for CSD relevance assessment for other
27 possible crowdsourced data analysis.

28 Keywords: Crowdsourced Data, Relevance, Semantics, Geographic Information Retrieval, Natural

29 Language Processing
30

31 1. Introduction

32 The traditional methods of geographic information production have continued to change as new
33 software tools and methods emerge as a result of the technological, infrastructure, communication
34  and Information Technology (IT) developments of the modern world. Geographic information
35  collectived and voluntarily produced by untrained citizens using modern information and
36  communication tools is often termed as Volunteered Geographic Information (VGI) [1]. Some
37  crowdsourced data (CSD) can be considered as a subset of VGI when the user location is considered,
38  however, CSD often has limited location information compared to VGI [2]. This form of new data has
39  gained increased attention due its potential utilisation in many applications. The information
40  currency and availability of CSD is high however, its quality including its reliability (credibility)
41 and usability (relevance) are still unclear.

42 The quality of geospatial data has long been considered in the field of geospatial information
43 management where assessment parameters and techniques are often defined. However, CSD does
44 not follow standard data collection procedures nor is the data generated by skilled geospatial
45  professionals. Therefore, CSD often does not have a clear data structure or metadata and therefore
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46  the application of traditional spatial data quality assessment parameters and techniques may be
47  problematic. Researchers are therefore testing new parameters and methods for CSD quality
48  assessment and have proposed credibility and relevance as possible quality indicators. In our recent
49  work [3], we have presented a CSD credibility assessment approach using a spam email detection
50  technique. Choosing the most relevant geospatial information is important if high quality outcomes
51  are expected in geospatial data dependant applications, as not all CSD may be related to the task at
52 hand. Data that is not relevant or has a low relevance is of limited use for applications such as
53  emergency management. In large datasets, data that is of low relevance may exists and therefore,
54 relevance analysis of CSD is important prior to utilising this data in applications such that require
55  trustworthy data.

56 Geographic relevance is applied in many of today's human information inquiry activities e.g. in
57  search engines. Geographic relevance can be defined as 'a relation between a geographic information
58  need and the spatio-temporal expression of the geographic information objects needed to satisfy it'
59  [4]. The fields of Information Retrieval (IR) and modern web based Geographic Information Systems
60  (GIS) have now matured to provide professional outputs for their own information requests. These
61  developments suggest that the combined use of GIS and IR systems to handle the requests on geo-
62  textual information are now more effective [5].

63 This paper discusses the use of a GIR technique used in the IT domain to analyse the relevance
64  of CSD. The paper is structured as follows: Section two discusses the background of CSD relevance
65  and its analysis. Section three describes the methods used in the study. Section four details the results
66  of the study and section five discusses their implications. Finally, section six provides some
67  concluding remarks and some future suggestions for research.

68 2. Data Relevance in respect to Crowdsourced Data and Use of Geographic Information Retrieval
69  for Crowdsourced Data Relevance Analysis

70 Relevance is naturally cognitive and 'the greater the cognitive effects the greater the relevance
71 and the smaller the processing efforts to derive these effects, the greater the relevance' [6]. It is highly
72 dependent on the end user’s requirements regardless of being a product or information. The context
73 of relevance has long been studied in diverse fields including philosophy, communication, logic,
74 psychology, artificial intelligence, natural language processing, documentation, information science
75  and information retrieval [7]. Saracevic [7] identified five types of relevance namely: (1) topical or
76 cognitive relevance, (2) algorithmic relevance, (3) pertinence or intellectual relevance, (4) situational
77  relevance and (5) motivational or affective relevance. This research proposes to focus on the
78  situational relevance which can be defined as 'usefulness of the viewed and assessed information'
79  towards the task at hand and information needs of the user [8] and is more appropriate to assessing
80  the CSD relevance in a post-disaster management context.

81 Geographic information retrieval seeks to retrieve geographically relevant documents [8-15] or
82  identify unambiguous geographic associations [16] based on the user's requirements. Simple word
83  or toponym matching is not adequate for geographic information retrieval purposes [15]. Therefore,
84  toponym matching based on semantic similarity measures may be the most appropriate approach.

85  2.1. Adapting Geogprahic Information Retrieval Process for Crowdsourced Data Relevance Analysis

86 The key objective of Geographic Information Retrieval (GIR) is to identify the place names or
87  toponyms within a corpus (a large structured set of text, e.g. web sites, documents or social media
88  posts) and their corresponding geographic location[8]. On the one hand, it is a process that manages
89  the imprecision and ambiguity as geographic names are often ambiguous [17]. On the other hand, it
90  isaprocess of ranking the relevance in two dimensions namely thematic and geographic [8] with the
91  assumption that they are independent from each other [12].

92 Although, the GIR field is relatively new [12], numerous mechanisms have been proposed such
93  as weighted geo-textual similarity measures [8], extended vector space model [5], probabilistic
94 models [10], dynamic assessment of the specificity of the users' search context [18], and semantic and
95  ontology based models [19] to identify relevant geographic information. Similarly, techniques can be
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96  applied along with natural language processing techniques to detect relevance of data with very low
97  signal-to-noise ratios [20] and even in a near-real-time context [21]. De Sabbata and Reichenbacher
98  [10] suggested that GIR concepts can be utilised to estimate the relevance of geographic objects based
99  on user context by converting geographic distances into similarity scores.
100 Monterio et al. [21] highlighted four techniques associated with the various stages of GIR based
101  search engine pipelines, namely, (1) geographic indexing, (2) query expansion, (3) recognition and
102 use of place names and (4) geographic ranking. A number of key challenges lie in the area of analysing
103 and processing sets of documents and queries, textual-geographical indexing and ranking the
104  documents using the relevance criteria [12].

105  2.1.1. Managing Thematic Relevance

106 The presence of relevant terms in a document provides an indication of the relevance of the
107  document for a selected task. From an information analysis perspective, the terms can be weighted
108  based on the importance of the task at hand. A commonly used weighting method is the Term
109  Frequency-Inverse Document Frequency (TF-IDF) model. In this model, higher weights are assigned
110 for specific terms appearing more frequently in a document. This is based on the premise that the
111  more frequently a given term appears, the more likely that document is relevant to the search.
112 Conversely, alow weight will be assigned to more commonly available terms in the whole document

113 set.

114 2.1.2. Managing the Geographic Relevance

115 Managing the geographic relevance or discovering and disambiguating toponyms that exist in
116  the text document has been identified as the process of Geographic Scope Resolution (GSR) [21,22].
117  Generally, GSR consists of three tasks namely (1) geo-parsing (identifying toponyms), (2) reference
118  resolution (toponym resolution) and (3) ground referencing (mapping toponyms to a footprint) [21].
119  Common geo-parsing methods include gazetteer lookup based (searching and tested the location
120  terms against a Gazetteer), rule based (identifying location terms based on pre-defined rules) and
121 machine learning based methods (trained to detect location terms based on correlation measures with
122 reference data i.e. training corpus) [23]. The reference resolution process which maps the relevant
123 toponyms is mandatory when ambiguities occur [21].

124 This research suggests that the Natural Language Processing (NLP) based gazetteer lookup
125  approaches are viable for semantically extracting location information from CSD. The geographic
126  information retrieval can be performed by NLP software such as GATE!. GATE is a robust and
127  scalable open-source java based tool developed by the University of Sheffield, United Kingdom for
128  text processing including semantic processing. This type of work may be supported by an ontological
129 gazetteer for both toponym identification and ambiguity resolution. The ground referencing (geo-
130  tagging) can also be assisted by the ontological gazetteer.

131 Usually after the GSR process, there is a need to calculate the geographic focus of a message.
132 Different approaches are available for geographic focus detection such as measuring the geographic
133 similarity and relevance ranking. The geographic similarity measures can be calculated based on
134 region overlaps [24] or calculating a non-linear normalised distance between the scopes of the
135 document and the query [8,17,25]. Andrade and Silva [8] explored a model which combined the
136  ontological geographic relevance calculations whilst Zaila and Montesi [17] proposed a model based
137  on topological relations, metric proximity calculations and ontological geographic similarity
138 calculations.

139
140

! https://gate.ac.uk
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141 2.2. Relevance Ranking and Merging the Thematic and Geographic Relevance

142 In order to prepare a final relevance ranked list of messages it is important to consider both the
143 calculated thematic and geographic relevance lists. A combined relevance ranked list would also
144 allow the faster retrieval of the geographic information identified. In GIR research the weighted sum
145  method for relevance fusion is commonly utilised [8,17-19]. It is often advantageous to consider the
146  specificity of the query scope in assessing the CSD thematic relevance as suggested by Yu and Cai
147  [18]. They also reported that Dempster-Shafer's method of evidence combination shows superior
148  results in their experimental study which was also very close to human judgments in many cases.

149 2.3. Quality Assessment of the Crowdsourced Data Relevance Analysis

150 Quality assessment is essential to confirm the validity of the approach utilised. There are various
151  quality metrics to test the performance and quality of the results from these types of analyses.
152 Measures such as recall and precision are popular measures in these classification systems. However,
153 precision is often regarded as a more important measure than recall in rank based IR systems if the
154  user does not intended to retrieve all of the relevant records [26]. In relation to the information
155  retrieval, precision refers to the fraction of correctly identified documents that are relevant to the
156  query in relation to all retrieved documents (https://wikipedia.org). The precision can be calculated

157  by:

158

159 Precision = |{relevant dlc?;z:;r‘l]t:(}ir:f::;;e;/i(:}(Iiocuments}| (1)
160

161 Other measures including Average Precision (AP), Mean Average Precision (MAP) and

162  Precision at K are the measures often used in modern web based information retrieval systems as
163 other indicators may not represent meaningful measures where thousands of relevant documents are
164  present. Average Precision refers to the precision averaged across all values of recall between 0 and
165 1. CSD differs from general spatial data and analysing its relevance remains challenging. The details
166  of the methods applied to test the relevance of a selected CSD dataset is explained in the next section.

167 3. Materials and Methods

168 Previous research showed that CSD relevance analysis has been investigated using a variety of
169  methods. However, the suitability of each approach depends on the data and the application. This
170  research selected Geographic Information Retrieval techniques to assess the CSD relevance for post-
171  flood emergency management through thematic and geographic relevance analysis. The geographic
172 information retrieval processes were implemented using a Java framework, Lucene IR software and
173 the GATE natural language processing software. The Ushahidi Crowdmap dataset of 2011 Australian
174 floods was used as the testing dataset. From the Crowdmap reports, 200 random messages were
175  selected for this analysis for faster data manipulation and to better understand the system's
176  behaviour. After the pre-possessing of the initial data set, 182 reports remained for the thematic and
177  geographic relevance analysis.
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212 Figure 1. CSD relevance detection approach adapted from Zaila and Montesi's [17] GIR architecture

213 Figure 1 depicts the overall CSD relevance analysis approach adopted in this research. Five queries
214  (Table 1) were set to extract flood related information within the Toowoomba (a city in Queensland
215  affected by the 2011 Australian floods). The selected CSD dataset was analysed based on two key
216  relevance dimensions i.e. the thematic relevance and the geographic relevance, utilising the user
217  queries and ontology developed in our previous work [27].

218 Table 1. User queries

No. Query

Road closed flood Toowoomba
Highway closed
Evacuation centre open

Heavy rainfall Toowoomba

QO &= W N =

Flash flooding Toowoomba

219  3.1. Thematic Relevance Analysis

220  3.1.1. Pre-processing

221 Initially, the pre-processing of CSD was carried out to prepare the unstructured raw dataset for
222 further processing. This included actions such as duplicate removal, tokenizing, stop-word removal
223 (i.e. removing common terms similar to prepositions etc.), stemming and lemmatization (i.e. bringing
224 the word to its base form such as changing 'flooding' to 'flood') and removing non-words such as
225  numbers, white spaces etc.

226

227
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228  3.1.2. Term Frequency-Inverse Document Frequency Vector Space based Model for Thematic
229  Relevance Analysis
230 The Term Frequency-Inverse Document Frequency Vector Space Model (TF-IDF VSM) was

231  utilised to analyse textual data (i.e. a document or query) to test the relevance to a particular task.
232 This model is used in many of the information retrieval applications including GIR and this study
233 utilised the Lucene? open-source keyword matching information retrieval system which is based on
234 the standard TF-IDF VSM model. Lucene is a high-performance, fully featured text search engine
235  library written entirely in Java.

236 The CSD thematic relevance analysis was conducted using two Java programs which were
237  constructed based on Lucene 6.0 API and its standard analyser. The first Java program was developed

238  for indexing the dataset and the second program was used to perform the searching using the TF-
239  IDF VSM model.

240 The TF-IDF model utilised a weighting function where the importance of terms or words in a
241  document is statistically estimated using the following process.

242

243 Firstly, the Term Frequency (TF) of term t was calculated by:

244

245 TR ) = b aftarms e message @
246

247 Next, the Inverse Document Frequency (IDF) of the term ¢ was determined by:

248

249 IDF(t) - loge [Total numb;O(t)?lnrll:sr::geersovi:eises:fjsterm t exists] (3)
250

251 Then, the (TF-IDF):.n weight for term ¢ in message m was calculated using:

252

253 (TF = IDF) = TF, , * IDF, )
254

255 Finally, the thematic similarity score Sim(q, m), which represents the similarity between the
256  message m for the term t and the query g, was calculated using;:

257

258 Simy gy = Seeq(TF = IDF) o )
259

260 After the TF-IDF values of the message terms were calculated, the message was represented in

261  a Vector Space Model (VSM) which is an algebraic model for representing text documents. In this
262  process, each document is represented by vectors of identifiers i.e. index terms weighted based on
263  their importance using a model such as the TF-IDF model. The axes of the vector space are denoted
264 by the terms of the message.

265  3.2. Geographic Relevance Analysis

266 The next stage was the geographic relevance analysis which included the Geographic Scope
267  Resolution (GSR) process (i.e. geo-parsing, reference resolution and ground referencing) and was
268  performed using a natural language processing based gazetteer lookup approach. These tasks were
269  carried out using the GATE software.

270  3.2.1. Pre-processing

271 The selected sample of the CSD dataset had to first undergo pre-processing to filter
272  inappropriate content such as duplicates. However, tokenizing, stemming and lemmatizing pre-
273  processing tasks which were used in the thematic relevance analysis were not performed during the

2 http://lucene.apache.org
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274  pre-processing of geographic relevance analysis as they were undertaken within the GATE software
275  through a morphological analysis.

276  3.2.2. Geographic Scope Resolution (GSR)

277 During the GSR process, the geo-parsing was undertaken to identify and tag toponyms. These
278  toponyms were then utilised for the geographic reference resolution to identify the best (i.e. most
279  appropriate) toponym for the CSD report. The geographic reference resolution is more challenging
280  when ambiguities such as geo-geo or geo-non-geo occur (that is when different locations share the
281  same place name and some locations have non geographic terms such as people’s names). Mostly,
282  these situations consist of relationship terms such as 'near’, 'between’, 'crossing' and 'south of' etc. and
283  contain contextually important information that can be resolved using context based semantic
284  processing. The queries were split into triples to form <what, relation, where> relations by
285  concatenating the individual tokens. In both of the above tasks, the possible toponyms in the message
286  content were identified by searching the semantic Queensland local gazetteer (QLDGazOnto)
287  reference list developed in our previous work [3].

288 The next step of the GSR process was the ground referencing. Initial ground referencing was
289  performed using a Java program based on the Google geo-coding APL The Java Annotation Pattern
290  Engine (JAPE) transducers were used to process the geographic references to identify appropriate
291  locations according to the relationships. JAPE is a component of GATE which is useful for pattern-
292  matching, semantic extraction, and many other operations in text processing. There were a number
293 of issues identified during the processing including missing locations and ambiguities of the
294  generated locations. Several JAPE rules were developed (see Figure 2) to resolve the ambiguities and
295  to tag the messages and then to allocate location coordinates with the help of QLDGazOnto
296  ontological gazetteer.

297

298

299 Phase: OntoMatching // phase name

300 Input: Lookup

301 Options: control = applet // control type

302 Rule: GeoTag // rule name

303 ({Lookup.class == Place}c

304 ) //search for place names in the semantic gazetteer
305 :place-->

306 :place.Mention = {class = :place.Lookup.class, inst = :place.Lookup.inst}
307 //match and tag with toponym

308

309 Figure 2. Example of JAPE rule used for semantic tagging

310  3.2.3. Ontology Based Geographic Relevance Analysis

311 After completing the GSR process, the next task was to calculate the geographic similarity
312  measures. The geographic similarity measures between the messages and queries were used to
313 determine the relatedness of the CSD messages for the selected task at the identified location. The
314  geographic similarities were calculated using equation (6) below by considering the geographic scope
315  of the query and the geographic scope of each CSD report using the QLDGazOnto ontology
316  information.

317 The similarity Simc(gq,m) between the geographic scope of the query (Sq) and geographic scope
318  of the message (Sn) based on the ontology information was calculated using;:

319

320 Simg(q,m)(Sy, Sm) = K X {Insd(S,, S,n) + Proxm(S,,Sp)} + (1 — K) X Sib(S,, Sn) (6)

321
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322 The value for the variable K in the equation was identified as 0.8 after manual testing and
323 normally lies between 0 and 1.
324
325 In the above equation, the component ‘inside (Insd)’ computed the weight if the scope of the
326  message (Sn)was inside the scope of the query (S;) based on the number of decedents in the ontology
327  as:
328
329 Insd(S,,Sm) = I;’Vz:nnl;ee:?; lZ)ZCCZZZZ(ES’:)): and 0 otherwise (7)
330
331 If the scopes spatially overlap, then equation (6) returns values between 0 and 1. It is at a

332  maximum when both scopes are equal and a minimum when the message scope has no decendents.
333 NumberOfDecendents(S,,) + 1 returns the number of scopes spatially inside S,, plus the scope
334 itself which can be derived from the ontology.

335

336 The component ‘proximity (Proxm) was assessed based on the inverse distance, where the
337  distance was normalized by the diagonal of the Minimum Bounding Rectangle (MBR) of the query
338  scopeas:

339 Proxm(Sq,Sm) = m (8)
1+DiaLgomJLl(.S'q)

340 Finally, the component ‘siblings (Sib)” were tested to check whether the scope of the message

341  (Sw) and scope of the query (S;) were siblings by:

342

343 Sib(S,, S;n)=1 if Sw and S, are siblings in the ontology, 0 otherwise )

344

345 For example, if the message scope (Sw) and query scope (Sq) are polygons representing

346  'Brisbane North' and 'Toowoomba' (Figure 3) respectively;

347

348 1. The function 'inside (Insd)' returns no value as the scopes do not spatially overlap.

349 2. The function ‘proximity (Proxm)’ returns a value based on the Distances 'D' and 'd" as indicated
350 in the Figure 3.

351 3. The function ‘siblings (Sib) returns the value 1 as the two scopes are both siblings of the larger
352 region in the ontology.

354
355
356

)

357

358

Toowoomba

359

Queensland

3 60 ‘\‘-‘.,,, Toowoorba

362 Figure 3. Proximity calculations in geographic relevance analysis
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363 3.3. Combining the Geographic and Thematic Relevance Rankings

364 Finally, the geographic and thematic relevance lists were merged to create the final geo-thematic
365  relevance ranked list using the equations below which considered the thematic and geographic
366  specificities of the queries. The specificity provided an indication of the quality of thematic and
367  geographic relatedness of the queries considered.

368

369 The thematic specificity Spc; of query q = {t;, t,, ..., t,,} was calculated by:

370

371 Sper = — Teeqw, * CTM(2) log (“£2) (10)
372

373 Where: ¢, be the kt term of the query g,

374 w, is the weight for each term,

375 CTM(t) is the Conceptual Term Matrix of term t from the WordNet? ontology,

376 N, is the number of messages containing term t and N is the total number of messages
377 in the dataset.

378

379 The conceptual term matrix CTM(t) was calculated by firstly extracting conceptual information

380  representatives of the term ¢ (i.e. number of senses, number of synonyms, level number and number
381  of sibblings) from the WordNet ontology in the form of integer values in CTM. Next, the weighting
382  was performed to transform the values into weights based on the importance of the different
383  information types and then the combined weighted values were calculated to give the final single
384  scorein CTM(t).

385
386 The geographic specificity Spc;(q, m) of geo-referenced query q was calculated by:
387
388 Speg = —log (%) 1)
389
390 Where: G, is the geometry representative of the associated geographic scope of query g,
391 Area(G,) is the area of the geographic scope of g,
392 Area(Gy) is the area of the coverage of all messages in the dataset.
393
394 The final rank as a weighted sum of individual scores was calculated by:
395
396 Rel(q,m) = wy * Sim;(q,m) + wg * Simg(q, m) (12)
397
398 Where w; and w; are normalized weights of the two relevance scores and calculated by:
399
1
400 Wr = erspen) 13)
401
402 wg = m (14)
403
404 In addition to the thematic and geographic relevance analysis, a reference data set was

405  constructed manually to classify messages from the total message data set that were considered to be
406  relevant or not relevant to the disaster being investigated. This data set was utilised to test the
407  accuracy of the classification processes.

408

409 The results of the process are discussed in the next section.

shttps://wordnet.princeton.edu/
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410  4.Results
411 In the CSD relevance analysis, 182 Ushahidi Crowdmap messages were selected for the geo-
412 thematic relevance analysis after the initial pre-processing.
413 4.1. Results of the Thematic Relevance Analysis
414 The quality of thematic relevance analysis used the Lucene benchmark quality assessment

415  package. In this analysis two configuration files were constructed, one containing the queries and the
416  other containing a manually classified test reference collection. The test reference collection consisted
417  of relevant and non-relevant sets of messages for each query. These configuration files were used for
418  the quality analysis along with the indexed file of CSD messages.

419 Table 2. Quality assessment results of thematic relevance analysis
# Average
No. Query hits  Precision P@5 P@10

1 Road closed flood Toowoomba 120 0.655 0.600  0.300

2 Highway closed 69 0.897 0.800  0.600

3 Evacuation centre open 21 0.595 0.400  0.300

4  Heavy rainfall Toowoomba 45 0.911 0.800  0.600

5  Flash flooding Toowoomba 55 0.903 0.800  0.500
420
421 Table 2 shows the performance test results of the thematic relevance analysis using the Lucene

422 software. This research selected the Average Precision (AP), Mean Average Precision (MAP) and
423 Precision at a Kcertain level K (P@K) metrics to analyse the quality of the CSD relevance assessment.
424  The AP for a query q refers to the average precision for each relevant message retrieved and the
425  MAP is the mean average precision of all Q queries.

426

427 The Average Precision (AP) and Mean Average Precision (MAP) were calculated by:

428

429 AP = ez (P )X (Rel(K)) (15)

~ number of relevant messages
430
Q

431 Map = Zi=P@ (16)
432

433 Where K is the rank in the retrieved message list and P(K) is the precision at cut off K in the

434  list and Rel(K) is an indicator function which provides 1 if the message at position K is relevant
435  and 0 otherwise.

436 The measure Precision at K (P@K) reports the fraction of messages ranked in the top K results
437  marked as relevant. Generally, in ranked lists in information retrieval systems such as web searches,
438  there will be thousands of possible records and the user may not be interested in seeing all the
439  records. Therefore, considering the top most records (i.e. 20 records at the top of the list) is more
440  appropriate in ranked lists such as in a geo-thematic relevance ranked lists produced in this system.
441 The table 2 also shows the number of hits (i.e. the number of messages identified relevant to the
442  each query) along with the average precision, precision at level 5 (P@5) and precision at level 10
443 (P@10) of the analysis. According to the Lucene benchmark quality results, the average precision of
444  the relevance of the message retrieval to the queries was generally above or close to 0.6 which
445  indicates the system performed well. The P@5 was generally above 0.4 and the minimum value was
446 0.3 which meant the system was better at identifying relevant documents at the top levels. The MAP
447  of the quality assessment was calculated as 0.792 which is a good indication of systems performance
448  for relevance assessment as the value 1 indicates the best performance.
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4.2. Results of the Geographic Relevance Analysis

The ground referencing of the geographic relevance assessment was performed using a Java
program based on Google geo-coding API The location availability of CSD messages were close to
90% (i.e. 163 out of 182 messages) after the GSR process. The geographic similarities were calculated
with the value of K set to 0.8. The geographic scope of the queries was selected as Toowoomba local
government area which was a polygon feature. In the case of a polygon feature, it can use the
minimum bounding rectangle (MBR) or convex hull as the feature representing the geographic scope.
Both the MBR and convex hull options (Figure 4) were tested in calculating locations inside and
within proximity. The results identified that if the MBR was used instead of the convex hull, there
was a 46% increase in area and therefore the selection of 12 additional points which did not belong
to the Toowoomba local government area.
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Figure 4. Crowdmap data and Toowoomba local government area using MBR and convex-hull

4.3. Results of the Final Geo-Thematic Relevance Ranking

The thematic specificity and geographic specificity of the analysis were calculated as 0.44 and
0.67 respectively. The values indicate that the queries used were less thematically specific and more
geographically specific with the value 1 indicating the highest specificity. Table 3 shows the part of
the CSD reports of the final geo-thematic relevance ranked list.

Table 3. Part of the final geo-thematic relevance ranked list

No. CSD Report

1  Flash flooding has caused a shopping centre in Toowoomba to be closed.

2 Flash flooding caused landslide at Toowoomba range.

Flash flooding in Toowoomba region experiencing roadways cut off in town. Recent heavy
3 falls within the last hour have managed to cut off some minor and major roads in
Toowoomba CBD and surrounding suburbs.
The Warrego Highway at the Toowoomba Range is closed in both directions. Motorists are
advised to seek an alternative route.

5  The Warrego Highway is presently closed at Jondaryan following heavy rain in the area.

d0i:10.20944/preprints201804.0338.v1
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Toowoomba Regional Council crews and SES personnel are assessing road damage after
6  today's severe flash flooding in Toowoomba. The main areas impacted were in the vicinity
of East and West creeks which run through the centre of the city.
7 Flash flooding has caused a library to be evacuated.
The Clifton-Leyburn Road is OPEN WITH CAUTION from Clifton to Condamine River to
8 all vehicles. There is no access to the Toowoomba-Karara Road and Ryeford-Pratten Road
due to flood waters and pavement damage. Drivers are urged not to enter floodwaters.
9  Water bird habitat damaged-fences down at Toowoomba water bird habitat.
10  Road closed on Griffiths Street East of Mort Street.

485

486 The final rankings results were then compared with a human ranked list which was a manually
487  re-ranked list of the final ranked list without considering the auto generated rank to see the system's
488  ability to analyse the relevance compared to a human. Spearman's rho, which is a commonly used
489  statistical test to compare agreement between two rankings where the value 1 indicates perfect match
490  and -1 indicates complete inverse ranking [18], was calculated. The Spearman's rho was 0.62 which
491  indicates the two lists agree with each other and confirms the validity of the approach for CSD
492  relevance assessments.

493 5. Discussion

494 Understanding spatial data quality is essential for establishing confidence in the quality of the
495  outputs of any spatial data dependent project. This research tested an information relevance
496  assessment methodology for Crowdsourced data for the purpose of post-disaster management. In
497  disasters such as floods, speedy identification of relevant and credible spatial information is
498  important and is required to support victims and save lives.

499 This research analysed the CSD relevance based on two dimensions of the data relevance,
500  namely the thematic relevance and geographic relevance. The thematic relevance assessment tested
501  thedegree to which the CSD was thematically relevant to the user queries. The results of the thematic
502  analysis showed that the classification system performed well in analyzing CSD thematic relevance
503  in respect to the defined user queries. However, the results would be different if the user queries
504  were changed or used a different set of terms which may or may not be considered relevant.
505  Therefore, it is suggested that future research into the sensitivity of the user queries be considered in
506  order to normalize this impact. A possible solution may be to introduce a learning mechanism for the
507  system that may consider the different query terms and the results of relevant thematic assessment.

508 The research used the Natural Language Processing (NLP) based gazetteer lookup for
509  Geographic Scope Resolution (GSR) in the thematic relevance assessment. It applied stop-word and
510  common-word filters to minimise the effect of frequently occurring terms. However, it identified
511  drawbacks in the application of these filters. For example, the removal of terms such as 'Can' in
512 toponyms such as 'Tin Can Bay' can render the geographic term unusable. Therefore, it is important
513 to further understand similar effects and to identify precautions to prevent the removal of important
514  terms. For geo-tagging purposes, the research used the Google geo-coding service with the support
515 of the local semantic gazetteer (QLDGazOnto) for ambiguity resolution. This proved very useful in
516  resolving geo-geo and geo non-geo ambiguities (e.g. Killarney in Ireland and Killarney in Australia,
517  John Krebs is a personal name and there is a bridge called John Krebs Bridge in Murgon, Queensland,
518  Australia).

519 The geographic relevance analysis assessed how geographically relevant the CSD was to the
520  user queries. During this process, it was important to generate locations of the CSD using the
521  Geographic Scope Resolution (GSR) process as the CSD locations were often missing. The ground
522  referencing process of the GSR process utilised the Google geo-coding tool to assign locations for the
523 identified locations. However, this tool was not capable of fully determining the local toponyms. This
524 issue was rectified by using a local gazetteer and a JAPE rule based approach. In future, a local geo-
525  coder should be utilised and would most likely improve the geo-coding of the results.


http://dx.doi.org/10.20944/preprints201804.0338.v1
http://dx.doi.org/10.3390/ijgi7070256

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 April 2018 d0i:10.20944/preprints201804.0338.v1

13 of 15

526 After the thematic and geographic relevancies were determined, the results were merged to
527  calculate the combined geo-thematic relevance based on the thematic and geographic specificities of
528  the queries utilised. During this process, it was identified that the queries were more geographically
529  specific than thematically specific. This resulted in a higher weighting of the final ranked list towards
530  the geographically relevant results. Although this approach is understood and was considered
531  appropriate, this may not be the case in all analyses and it may be important to balance the thematic
532 and geographic specificity in particular situations. In some cases, it may be appropriate to determine
533 any bias towards the thematic or geographic relevance in the initial stages of the processing. This
534  may assist in alerting the user in regard to balancing of the thematic and geographic specificity of the
535  query terms. However, it will be important to consider whether it is a good approach to control the
536  freedom of the user in setting their own queries.

537

538 6. Conclusions

539 CSD in general is curated by different people with different experiences and different
540  knowledge levels using heterogeneous devices. In the Crowdmap content, people communicated
541  similar incidents in various ways i.e. the intended meaning of road closures reported such as 'road
542 closed, no go zone, water over the road, road under water, road flooded, road impassable, highway
543 cut, water across road, etc.. Identifying similar meanings using a keyword based search is
544  challenging. This research tested the use of a semantic based thematic relevance assessment for highly
545  unstructured and heterogeneous data such as CSD. It is recommended that further research should
546  be directed towards understanding of the initial queries and their structure to improve the outcomes
547  of the relevance analysis.

548 The research also considered query specificity for the final geo-thematic relevance joining and
549  ranking. This was useful in identifying contextually more relevant CSD messages for flood disaster
550  managers and other stakeholders. It is suggested that further work be completed to test and compare
551  the performance and usefulness of other available geo-thematic relevance combination approaches.
552 Finally, it is noted that the GIR field is a fast-growing research area and new techniques are
553  emerging regularly. This research suggests the need to test innovative and more stable approaches
554  used in GIR to validate the applicability of similar approaches for CSD relevance studies.

555

556 Acknowledgments: Authors wishes to acknowledge the Australian Government for providing support for the
557  research work through the Research Training Program (RTP) and Monique Potts, ABC — Australia for providing
558  the 2011 Australian Flood's Ushahidi Crowdmap data.

559 Author Contributions: Saman Koswatte undertook the review of literature, contributed to the design of the
560 methodology, completed the analysis of results and drafted sections of the paper. Kevin McDougall provided
561 inputs to the methodology and analysis of the results including overall supervision and drafted part of the paper.
562 Xiaoye Liu provided inputs to the methodology and analysis of results and guidance.

563 Conlflicts of Interest: The authors declare no conflict of interest. The funding sponsors had no role in the design
564 of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, and in the
565  decision to publish the results.

566

567  References

568 1. Goodchild, M.F. Citizens as sensors: the world of volunteered geography.
569 GeoJournal 2007, 69, 211-221.

570 2. Koswatte, S.; McDougall, K.; Liu, X. Ontology driven VGI filtering to empower next
571 generation SDIs for disaster management. In Research at Locate 14, Winter, S.;
572 Rizos, C., Eds. Canberra, Australia, 2014.

573 3. Haklay, M.; Weber, P. Openstreetmap: User-generated street maps. I[EEE Pervasive
574 Computing 2008, 7, 12-18.


http://dx.doi.org/10.20944/preprints201804.0338.v1
http://dx.doi.org/10.3390/ijgi7070256

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 April 2018 d0i:10.20944/preprints201804.0338.v1

14 of 15

575 4. Raper, J. Geographic relevance. Journal of Documentation 2007, 63, 836-852.
576 5. Cai, G. In GeoVSM: An integrated retrieval model for geographic information,

577 Proceedings of International Conference on Geographic Information Science
578 (GIScience 2002), Boulder, CO, USA, 2002; Egenhofer, M.J.; Mark, D.M., Eds.
579 Springer: Boulder, CO, USA, pp 65-79.

580 6. White, H.D. Relevance theory and citations. Journal of Pragmatics 2011, 43, 3345-
581 3361.

582 7. Saracevic, T. In Relevance reconsidered, Proceedings of the Second conference on
583 conceptions of library and information science (CoLIS 2), Copenhagen, 1996;
584 Copenhagen, pp 201-218.

585 8. Andrade, L.; Silva, M.J. In Relevance Ranking for Geographic IR, Proceedings of
586 Workshop on Geographic Information Retrieval - SIGIR *06, Seattle, USA, 2006;
587 Seattle, USA.

588 0. Larson, R.R. In Geographic information retrieval and spatial browsing, Proceedings
589 of Clinic on Library Applications of Data Processing - 1995, Illinois, USA, 1996;
590 Smith, L.C.; Gluck, M., Eds. Illinois, USA.

591  10. De Sabbata, S.; Reichenbacher, T. In 4 probabilistic model of geographic relevance,
592 Proceedings of the 6th Workshop on Geographic Information Retrieval (GIR-10),
593 Zurich, Switzerland, 2010; ACM: Zurich, Switzerland, p 23.

594 11.  Janowicz, K.; Raubal, M.; Kuhn, W. The semantics of similarity in geographic
595 information retrieval. Journal of Spatial Information Science 2011, 2011, 29-57.

596  12. Kumar, C. In Relevance and ranking in geographic information retrieval,
597 Proceedings of the Fourth BCS-IRSG conference on Future Directions in Information
598 Access, 2011; British Computer Society: pp 2-7.

599  13. Wang, C.; Xie, X.; Wang, L.; Lu, Y.; Ma, W.Y. In Detecting geographic locations
600 from web resources, Proceedings of Workshop on Geographic information retrieval
601 at conference on Information and Knowledge Management (CIKM '05), Bremen,
602 Germany, 2005; ACM: Bremen, Germany, pp 17-24.

603  14. Jones, C.B.; Purves, R.S. Geographical information retrieval. International Journal
604 of Geographical Information Science 2008, 22, 219-228.

605 15. Jones, C.B.; Alani, H.; Tudhope, D. Geographical information retrieval with
606 ontologies of place. In Spatial information theory, Springer: 2001; pp 322-335.

607 16. Amitay, E.; Har'El, N.; Sivan, R.; Soffer, A. Web-a-where: geotagging web content.
608 In Proceedings of the 27th annual international ACM SIGIR conference on Research
609 and development in information retrieval, ACM: Sheftield, United Kingdom, 2004;
610 pp 273-280.

611 17. Zaila, Y.L.; Montesi, D. Geographic information extraction, disambiguation and
612 ranking techniques. In Proceedings of the 9th Workshop on Geographic Information
613 Retrieval, ACM: Paris, France, 2015; pp 1-7.

614 18.  Yu, B.; Cai, G. A query-aware document ranking method for geographic information
615 retrieval. In Proceedings of the 4th ACM workshop on Geographical information
616 retrieval, ACM: Lisbon, Portugal, 2007; pp 49-54.

617 19.  Martins, B.; Silva, M.J.; Andrade, L. Indexing and ranking in Geo-IR systems. In
618 Proceedings of Workshop on Geographic information retrieval, ACM: Bremen,
619 Germany, 2005; pp 31-34.

620  20. Stowe, K.; Paul, M.; Palmer, M.; Palen, L.; Anderson, K. In Identifying and
621 Categorizing Disaster-Related Tweets, Proceedings of conference on Empirical
622 Methods in Natural Language Processing, Austin, Texas, USA, 2016; Austin, Texas,
623 USA, pp 1-6.

624  21. Monteiro, B.R.; Davis, C.A.; Fonseca, F. A survey on the geographic scope of textual
625 documents. Computers & Geosciences 2016, 96, 23-34.


http://dx.doi.org/10.20944/preprints201804.0338.v1
http://dx.doi.org/10.3390/ijgi7070256

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 April 2018 d0i:10.20944/preprints201804.0338.v1

15 of 15

626  22. Alexopoulos, P.; Ruiz, C.; Villazon-terrazas, B. KLocator: An Ontology-Based

627 Framework for Scenario-Driven Geographical Scope Resolution. [International
628 Journal on Advances in Intelligent Systems 2013, 6, 177-187.

629 23.  Leidner, J.L.; Lieberman, M.D. Detecting geographical references in the form of
630 place names and associated spatial natural language. SIGSPATIAL Special 2011, 3,
631 5-11.

632 24 Frontiera, P.; Larson, R.; Radke, J. A comparison of geometric approaches to
633 assessing spatial similarity for GIR. [International Journal of Geographical
634 Information Science 2008, 22, 337-360.

635  25. Lieberman, M.D.; Samet, H.; Sankaranarayanan, J.; Sperling, J. In STEWARD:
636 architecture of a spatio-textual search engine, Proceedings of the 15th annual ACM
637 international symposium on Advances in geographic information systems, 2007;
638 ACM: p 25.

639  26. Inkpen, D. Information retrieval on the internet. 2007.

640 27. Koswatte, S.; McDougall, K.; Liu, X. VGI and crowdsourced data credibility analysis
641 using spam email detection techniques. International Journal of Digital Earth 2017,
642 1-13.

643


http://dx.doi.org/10.20944/preprints201804.0338.v1
http://dx.doi.org/10.3390/ijgi7070256

