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Numereous digital library projects mine heterogeneous data from different sources to provide expert finding services. However, a variety of models seek experts as simple sources of information and neglect authority signals. In this paper we address the issue of modelling the authority of researchers in academic networks. A model, RAC, is proposed that merges several graph representations and incorporate exter-nal knowledge about the authority of some major scientific conferences to improve the identification of authoritative researchers. Based on the provided structural model a biased label propagation algorithm aimed to strenghten the scores calculation of the labelled entities and their neighbors is developped. Both quantitative and qualitative analyses validate the effectiveness of the proposal. Indeed, RAC outperforms state-of-the-art models on a real-world graph containing more than 5 million nodes constructed using Microsoft Academic Search, AMiner and Core.edu databases.

INTRODUCTION

Digital libraries are rapidly becoming important sources of information. The task of searching for people, and in partichttp://dx.doi.org/10.1145/3019612.3019809 ularly experts, i.e., individual with "tacit knowledge" [START_REF] Balog | Expertise retrieval[END_REF], has received an important interest due to the increasing availability of both relational and organizational data. Platforms such as Linkedin 1 , MAS 2 , DBLP 3 , CiteSeer 4 or more recently AMiner 5 are well-known examples of applications exploiting both content and structural properties of harvested digital objects to seek individuals' expertise. In the medical domain, the portal Expertscape 6 is another well known example of free search engines aimed to mine experts according to some basic geographic features (country, region, city or institution). In the scientific litterature, expert finding models [START_REF] Balog | Formal models for expert finding in enterprise corpora[END_REF][START_REF] Rodriguez | An algorithm to determine peer-reviewers[END_REF][START_REF] Serdyukov | Modeling multi-step relevance propagation for expert finding[END_REF][START_REF] Tang | Topic level expertise search over heterogeneous networks[END_REF][START_REF] White | Algorithms for estimating relative importance in networks[END_REF] mainly focus on the reconcilation process between a query and a set of researchers, often associated to expert profiling and expert finding phases. They extract representations from heterogeneous document collections, as in corporate intranet [START_REF] Craswell | P@noptic expert: Searching for experts not just for documents[END_REF] or email communications [START_REF] Campbell | Expertise identification using email communications[END_REF], and suppose individuals' publications to be representative of their expertise. Then, standard Information Retrieval techniques are used to determine the final ranking. Substantial efforts have been made to model individuals' expertise but the way of computing and/or incorporating authoritative/quality signals in such models is often neglected. Such approaches "mine documents to determine who knows what." [START_REF] Campbell | Expertise identification using email communications[END_REF] but do not tackle any question of credibility, quality or authority.

In this paper, we propose to model the authority of the researchers in digital libraries. Structural properties concerning the researchers and their publications as well as qualitative information concerning the authority of some major conferences are used to build the model. The proposed heterogeneous graph allows the propagation of different authority signals while capturing a mutual reinforcement principle hold between the quality of the different entities. Indeed, as it will be shown in Section 3, authoritative researchers are more likely to publish in high quality conferences, and, con-versely, high quality conferences are more likely to publish papers authored by authoritative researchers. In addition, a fix knowledge about the authority of the conferences is handled by the proposed algorithm, leading to a gradual valorization/depreciation of the associated nodes quality during the propagation.

To summarize, our contributions are as follows:

• We propose a structural model based on a heterogenous graph representation that captures a mutual reinforcement principle between the conferences' authority and the publications' quality to identify authoritative researchers;

• We design a biased label propagation algorithm handling external knowledge about the authority of some conferences;

• Finally, we conduct both quantitative and qualitative analyses on a substantial real world dataset constructing from three different sources, containing more than 4 million articles and 1 million researchers 7 .

The rest of paper is organized as follows: Section 2 discusses the related work. Section 3 introduces the motivations. Section 4 formally presents the model and the algorithm. Experiments are discussed in Section 5. Finally, conclusions and future work are drawn in Section 6.

RELATED WORK

Substantial efforts have been made to tackle the expert profiling and expert finding tasks. Using topic models [1, 16, 2], individual's expertise is modeled based on the content of their contributions (see the survey of Balog et al. [START_REF] Balog | Expertise retrieval[END_REF] for further details). However, no explicit authoritative signal is used to discriminate the quality of the articles neither the researchers' authority. Deng et al. [START_REF] Deng | Formal models for expert finding on dblp bibliography data[END_REF] tackle the limitation by considering the citation graph as a unique quality signal. This information is integrated in the topic model as a prior probability. However, as motivated in Section 3, this simple quantitative metric as well as other standard indices based on citations counts, i.e., Hirsch index and variants [START_REF] Hirsch | An index to quantify an individual's scientific research output that takes into account the effect of multiple coauthorship[END_REF][START_REF] Banks | An extension of the hirsch index: Indexing scientific topics and compounds[END_REF][START_REF] Moreira | Progress in Artificial Intelligence: 15th Portuguese Conference on Artificial Intelligence, EPIA 2011[END_REF], are not discriminative enough to identify authoritative researchers.

Graph-based models, largely based on random walk [START_REF] White | Algorithms for estimating relative importance in networks[END_REF], are often used to identify important nodes in networks and the correlation between centrality and expertise in organizational networks have been extensively studied [START_REF] Kleinberg | Authoritative sources in a hyperlinked environment[END_REF][START_REF] Campbell | Expertise identification using email communications[END_REF][START_REF] Sidiropoulos | A citation-based system to assist prize awarding[END_REF][START_REF] Jurczyk | Discovering authorities in question answer communities by using link analysis[END_REF][START_REF] Zhang | Expertise networks in online communities: Structure and algorithms[END_REF][START_REF] Zhou | Learning multiple graphs for document recommendations[END_REF][START_REF] Li | Combination of feature engineering and ranking models for paper-author identification in kdd cup 2013[END_REF][START_REF] Gollapalli | Ranking experts using author-document-topic graphs[END_REF][START_REF] De La Robertie | Measuring article quality in wikipedia using the collaboration network[END_REF]. The value of the co-citation graph has been proven for web pages [START_REF] Kleinberg | Authoritative sources in a hyperlinked environment[END_REF]. The co-author graph has been demonstrated to carry out authority signals in Wikipedia [START_REF] De La Robertie | Measuring article quality in wikipedia using the collaboration network[END_REF].

Both co-author and citation graphs are used to discriminate researchers' importance rating [START_REF] Huynh | Collaborator recommendation for isolated researchers[END_REF]. Moreover, Campbell et al. [START_REF] Campbell | Expertise identification using email communications[END_REF] suggest that graph-based approaches perform better than content-based ones for the experts finding task, motivating our work. In all these previous works, no external a priori knowledge is integrated in the process. Moreover, proposed random walk algorithms are performed over simple graphs, preventing from propagating different authority signals in the network. Zhou et al. [START_REF] Zhou | Learning multiple graphs for document recommendations[END_REF] also propose to learn from several 7 Data are made available for scientific community at http://sac.com graphs but they tackle a document recommendation task which is quite different to the proposal. Moreover, they evaluate their solution over two small datasets containing only 400 and 800 researchers respectively. Unlike state-of-the-art methods, our scalable proposition combines several graphs and make use of external a priori knowledge to aggregate and propagate the quality scores in the underlying graph. To the best of our knowledge, we propose the first biased label propagation algorithm used for an expert finding task.

MOTIVATIONS

Based on the Microsoft Academic Search dataset (details about the data are given in Section 5), we motivate the need of exploiting the four following families of features to compute the authority of a researcher:

• Quality of the articles he/she authored;

• Quality of the articles that cite his/her publications;

• Authority of the conferences where his/her articles are published;

• The authority of his/her collaborators.

To this end, basic statistics of different Expert Graphs and Researcher Graphs are compared. As detailled in Section 5.1, the experts list provided by the AMiner platform was used to build the following graphs. An Expert Graph denoted by Ge is constructed as follows:

1. Seed (initial set of nodes): 500 random experts;

2. Collaborators: every co-author of the researchers in the seed;

3. Articles: all articles authored by the added researchers (seed + collaborators);

4. Citing Articles: all articles citing the articles authored by the researchers in the seed;

5. Conferences: every conference in which all the previous articles have been published.

The set of edges contains the authoring, co-authoring, publishing, and citing relations between the different entities (researchers + articles + venues). Edges' weight associated to the co-authoring relation is the number of articles two researchers have co-authored. In a similar way, a Researcher Graph denoted by Gr is the graph where the seed is randomly chosen beyond the "non expert" researchers. Averaged statistics of the authoring, citing, and co-authoring relations over 100 different random instances of Ge and Gr are reported in Table 1 

MODEL

The digital library is modeled using a heterogeneous graph where the researchers, articles and conferences are the sets of nodes, and the authoring, co-authoring and citing relations are the set of edges. As motivated in the previous section, authoritative researchers are linked to many high quality entities. They collaborate with authoritative researchers, write high quality articles and publish in top conferences. This reinforcement principle is captured with a label propagation algorithm that propagate the authority scores, quality scores and biases in the graph. The injected a priori knowledge about the authority of the conferences is modeled using an ordered set defining an user preferences over the conferences. During the propagation, biases associated to each conference are updated so that the user preferences over the conferences is respected. Section 4.1 introduces the notations. The RAC model is presented in Section 4.2. Section 4.3 details the associated algorithm.

Notations

Let R = {ri} 1≤i≤n , A = {aj} 1≤j≤m and C = {c k } 1≤k≤p be the sets of n researchers, m articles and p conferences respectively. We suppose that C is a partially ordered set modeling a user preferences, i. Let MRA, MRR, MAC and MAA be the adjacency matrices associated to the relations VRA, VRR, VAC and VAA respectively. We denote by qR ∈ R n , qA ∈ R m and qC ∈ R p the column quality vectors associated to the researchers, articles and conferences respectively. In particular, q i C is the score of conference ci.

RAC

We propose to capture the mutual reinforcement principle between the quality of the different families of entities in G by solving the following constraint system:

qR = MRRqR + MRAqA qA = M T RA qR + MAAqA + MAC qC qC = M T AC qA + α s.t. q i C ≥ q j C ∀i, j : ci cj (1) 
where α ∈ R p is the column bias vector associated to the conferences. Without any prior knowledge (α = 0),

• the quality (qR) of the researchers is defined by the authority of their collaborators (MRRqR) and the quality of the papers they authored (MRAqA);

• the quality of an article is function of the authority of its authors (M T RA qR), the quality of the papers that cite it (MAAqA) and the authority of the conference that published it (MAC qC );

• the quality of a conference is computed using the quality of the published papers (M T AC qA). Intuitively, constraints of Equation ( 1) force the quality of a conference ci to be higher than a conference cj when ci is prefered over cj (e.g. ci is labelled A and cj is labelled C ). The set of constraints implies that for each pair of conferences (ci, cj) such that ci cj, we should have q i Cq j C ≥ 0. Finding α satisfiying the introduced constraints is equivalent to minimize the following loss function:

L = (i,j):c i c j max(0, 1 -(q i C -q j C )) ( 2 
)
Since L is convex, a standard gradient descent approach is used to solve α * = arg min α∈R p L.

Algorithm

The proposed label propagation algorithm finds the three fix points q * R , q * A and q * C , solutions of Equation ( 1), on the basis of the power method [START_REF] Zhou | Learning from labeled and unlabeled data on a directed graph[END_REF]. We alternatively compute (a) the vectors of quality scores then (b) the conferences' biases until the scores remain stable. Main steps are the following:

1. Randomly initialize the vectors qR, qA, qC and α; 2. Update the quality scores using Equation (1); 3. Update the bias vectors using Equation (2); 4. Normalize the quality vectors; 5. Check the convergence criterion. By noting q t R , q t A , q t C and α t the vectors computed at the t-th iteration of the algorithm, the propagation stops when the quantity

||q t R -q t-1 R ||2 + ||q t A -q t-1 A ||2 + ||q t C -q t-1
C ||2 is significantly small, i.e., smaller than ǫ ∈ R. More details of the computation are given in Algorithm 1. In our experi-Algorithm 1 Algorithm 1: Initialize q 0 R , q 0 A and q 0 C 2: Initialize α 0 3: while not converged do 4:

q t+1 R ← MRRq t R + MRAq t A 5: q t+1 A ← M T RA q t R + MAAq t A + MAC q t C 6: q t+1 C ← M T AC q t A + α t 7: α t+1 ← arg minα L 8: q t+1 R ← q t+1 R ||q t+1 R || 1 9: q t+1 A ← q t+1 A ||q t+1 A || 1 10: q t+1 C ← q t+1 C ||q t+1 C || 1
11: end while 12: return q t R ments, for ǫ = 10 -6 , the convergence is reached in less than 10 iterations.

EXPERIMENTS

In this section, we first present the data, competitors and metrics used for the experiments. Quantitative and qualitative analysis are performed and discussed in Section 5.5 and Section 5.6 respectively.

Datasets

Three real-world datasets were used for the experimentations. [START_REF] Balog | Formal models for expert finding in enterprise corpora[END_REF] The Microsoft Academic Search (MAS) dataset to construct the graph, (2) the AMiner portal to get a ground truth and (3) the Core.edu8 website to get external knowledge about the authority of the conferences.

The MAS portal is a semantic network that provides a variety of metrics for the research community in addition to literature search. The service has not been updated since 2013 but remains available and contains valuable information about 39.9 million articles and 9 million authors. Articles and metadata associated to the Computer Science community were crawled to reconstruct the initial graph. Raw data, including abstracts of articles, represents 4.1 Gb. The associated graph contains roughly 5.3 million nodes with 1,190,700 researchers, 4,175,000 articles and 4 700 conferences. In addition, 1,103,000 citations and 8,810,000 coauthorship links are constructed. The AMiner website9 maintains a list of 1 270 experts in the computer science community, which has already been used to evaluate expert finding models [START_REF] Tang | Arnetminer: Extraction and mining of academic social networks[END_REF]. Among these experts, 1,258 researchers were found in the MAS dataset. In this paper, these 1,258 experts are used as a ground truth for evaluation. Finally, the Core.edu portal provides assessments of major conferences in the Computer Science disciplines, from A* for leading venues to C for conferences meeting minimum standards. In particular, A * ≻ A ≻ B ≻ C. From the labeled conferences of the Core.edu portal, 2,158 was found in the MAS dataset.

Competitors

We compare our method to the well established HITS [START_REF] Kleinberg | Authoritative sources in a hyperlinked environment[END_REF] algorithm over different authoritative graphs. The following competitors are evaluated:

• H-ind. Researchers are ranked by decreasing value of h-index score;

• H-co. The HITS algorithm is applied over the coauthor graph GRR = (U, V ) induced by the set of nodes U = R and relations V = VRR, and researchers are ranked according to the Hub scores;

• H-cit. The HITS algorithm is applied over the citation graph GAA = (U, V ) induced by the set of nodes U = A and relations V = VAA. Since it computes an importance score Hub(aj) for each article aj, we compute the quality of a researcher ri as the sum of the articles' scores he authored. Formally q j R = (j,i)∈V RA Hub(ai); • H-rac. The HITS algorithm is applied on the graph G introduced in Section 4.1 and researchers are ranked according to their Hub scores;

• RAC. The solution as introduced in Section 4.2 without a priori knowledge (α = 0);

• RAC+. The proposed solution incorporating a priori knowledge about 2,158 conferences.

Protocol

Results are averaged over 20 runs with different initializations. For each run, the vector of scores obtained at convergence induces a permutation over the set of researchers. The researchers are ranked by decreasing order of predicted quality. This scheduling is compared to the optimal one consisting in placing the 1,270 true experts provided by the AMiner website in top positions.

Evaluation Metrics

Both classification and ranking metrics are used to evaluate the models. Let yi ∈ {0, 1} be a flag indicating if researcher ri is an expert (yi = 1) or not (yi = 0). If σ is the permutation over the researchers induced by the scores at convergence, the Precision@k (P@k), Recall@k (P@k) and Normalized Discounted Cumulative Gain (NDCG@k) are respectively defined by

P @k = 1 k 1≤i≤k y σ(i) , R@k = 1 1 258 1≤i≤k y σ(i) and DCG(σ, k) = k i=1 2 y σ(i) -1 log(1+i) whith N DCG@k = DCG(σ,k)
DCG(σ * ,k) and σ * is the optimal ranking over the researchers. 

Quantitative Results

Results using the NDCG metric are reported in Figure 1. Evaluations using the Precision and Recall metrics are summarized in Figure 2.

We witness a global increase in the performance of the proposed model compared to classical approaches using different graphs and especially for large values of k. Even without a priori knowledge (RAC model), the proposal is able to identify more experts than other, confirming the soundness of the heterogeneous representation and in particular the interest of merging different authority patterns in a single representation. Optimized bias clearly improve the global ranking. Indeed, as illustrated in Figure 1, the RAC+ model outperforms the competitors. As supported by the qualitative analysis, RAC+ is able to identify researchers that publish more in top conferences, with authoritative collaborators.

Qualitative Results

Since the expert list provided by the AMiner website can be legitimately discussed, we show the interest of the proposal by studying the publications of the top-5 researchers returned by the different solutions.

From Table 3, we see that both RAC and RAC+ cover more top conferences than other competitors, with 384 and 410 papers published in top conferences respectively. This behaviour is not illustrated by previous quantitative metrics but clearly emphasizes the soundness of our approach. 

CONCLUSIONS

Digital libraries offer rich heterogeneous relational data to seek expertise. If many works have proposed to identify authoritative individuals by exploiting several different representations, no one has proposed a more general model combining these representations for the expert finding task. In this paper, this task is tackled in the context of academic networks, by merging and exploiting several structural properties of the underlying graph. The proposed model, RAC, exploits a mutual reinforcement principle hold between the authority and the quality of the linked entities. In addition, a lightweight label propagation algorithm is developped, able to handle a priori knowledge about the quality of the conferences to improve the ranking over the researchers. Experiments conducted on the Microsoft Academic Search database show the effectiveness of the proposal. We believe our algorithm can be used to feed classical Information Retrieval models and help in identifying experts in some particular domain of expertise. As future work, we will study the interest of the proposal for topics experts finding. 

  e., ∃(ci, cj) ∈ C × C : ci cj or ci cj. Let G = (U, V ) be a heterogeneous graph defined over the three sets of entities U = R ∪ A ∪ C and the relations V = VRA ∪ VRR ∪ VAC ∪ VAA. Definition 4.1. (Authoring relation VRA) There ex-ists an edge (ri, aj) ∈ VRA ⊆ R × A iff researcher ri is an author of article aj. Definition 4.2. (Co-authoring relation VRR) There exists an edge (ri, rj) ∈ VRR ⊆ R × R iff researchers ri and rj have co-authored at least one article. Definition 4.3. (Publishing relation VAC ) There exists an edge (ai, c k ) ∈ VAC ⊆ A × C iff article ai has been published in conference c k . Definition 4.4. (Citing relation VAA) There exists an edge (ai, aj) ∈ VAA ⊆ A × A iff article ai cites articles aj.
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 1 Figure 1: NDCG@k for k ∈ {100, 500, 1000}.

Figure 2 :

 2 Figure 2: Precision@k and Recall@k for k ∈ {100, 500, 1000}.

Table 1 :

 1 and Table 2. Note that venues' label and terminology from the Core.edu portal are used. Ge 4097 ± 245 3241 ± 173 2354 ± 120 2753 ± 164 Cit. Number of articles and citations (± standard deviation) per authority class of conferences in Gr and Ge.

	Firstly, we observe from Table 1 that not only experts pub-
	lish more than others but also are get used to publish more
	in top conferences than others (4 097 articles in A* venues).
	The more a researcher publishes high quality articles, the
	more likely he/she is authoritative.
	Secondly, we note that not only papers authored by experts
	are cited more but are cited more by papers published in
	top conferences. The more the researcher's publications are
	cited by top conferences, the more likely he/she is authori-
	tative.

Table 2 :

 2 Statistics of the collaboration subgraphs ofGr and Ge.

Finally, from Table

2

, we note that experts not only involve more collaborations than others but are more get used to collaborate. The average weighted degree is twice as much for the experts (8.52) than for other researchers (3.64), indicating that experts have long lasting collaborations. We do think there is an interest in aggregating and propagating these different authority signals in the underlying graph in order to indentify authoritative researchers.

Table 3 :

 3 Number of publications produced by the top-5 researchers.

		A*	A	B	C	Total
	H-co	377 407 294 340	1419
	H-ci	290 328 112	86	816
	H-rac	381 483 309 248	1421
	RAC	384 490 353 305	1532
	RAC+ 410 518 347 309 1584

http://portal.core.edu.au

https://aminer.org/lab-datasets/expertfinding/