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COMMITTEE CONNECTIVITY IN THE UNITED STATES HOUSE OF REPRESENTATIVES ASHLEY CRUMP, SHARAD GOEL, YANNET INTERIAN, BRIAN KEATHLEY, HUIMEI LIN AND KEVIN MUGO



Abstract. We take a network-based approach to analyzing the committee structure of the United States House of Representatives. Using ideas from random graph theory, statistics and computer science, we discuss what conclusions can be drawn from the network itself with only limited knowledge of the political process.



1. Introduction Many of the legislative functions of the United States House of Representatives are conducted in approximately twenty standing committees and their respective subcommittees. For example, Ways & Means is a prominent standing committee that has jurisdiction over taxation, trade and several entitlement programs, and includes subcommittees that draft and review legislation on Social Security, Medicare and unemployment benefits. Representatives are typically assigned to multiple committees, and those assignments are based on a variety of factors including seniority, experience, background, ideology, election margin, state delegation support, leadership support, and geography [20]. Formally, committee members are elected by the whole House, but the actual selection is made by the Steering Committees of the political parties and is rarely challenged. Despite the importance of committees in drafting and debating bills, the assignment process is not well understood. Recent investigations have attempted to untangle the intricate organization of the House by focusing on the committee network structure. In particular, the authors of [16, 17] looked at the number of common members between pairs of committees in the 107th House, and discovered that the 9-member Select Committee on Homeland Security shared two members with the 13-member Rules Committee, a seemingly unusual coincidence given the relatively small sizes of the committees in comparison to the 435-member House. Here we use ideas from random graph theory, statistics and computer science to analyze the committee structure of the House, and discuss what conclusions can be drawn from the network itself with only limited knowledge of the political process. We find that although there are pockets of high connectivity, overall the network is much sparser than predicted by a uniform random model of assignment. To a large part this is explainable by two observations: First, nearly all members are assigned to about the same number of committees, unlike a uniform random model in which some Representatives sit on a relatively large number of committees while others sit on none at all. Second, members on so-called exclusive standing committees Date: March 3, 2007. 1
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tend not to be assigned to other standing committees. This fact is well-known, and has obvious implications on connectivity of the committee network. However, although House rules identify four exclusive committees – Appropriations, Rules, Ways & Means, and Energy & Commerce – only the first three significantly affect connectivity: Energy & Commerce is not as “exclusive” as the others. Our network-based approach reveals an association between agricultural and military committee assignments that seems due to the disproportionate presence of military installations in agrarian areas together with a self-selection of members to committees that represent district interests. Due to differences in the rules governing committee assignments for Democrats and Republicans, we find that a change of party control affects connectivity. We also see a shift in the connectivity of the Armed Services and Veterans’ Affairs committees coinciding with their evolving roles during the post-Cold War and post 9/11 eras. Freshman Representatives are disproportionately assigned to certain committees, such as Small Business and Science. Surprisingly, building this fact into our models does not affect overall network connectivity. Much of the effect of seniority is captured by incorporating exclusive committees, which tend not to have freshman members. Our paper is organized as follows: We start by reviewing what is known about the mechanics of committee assignment. In Section 2 we describe the committee network and show that in comparison to a uniform random model of assignment, there are significantly more pairs of committees with no common members. That is, the committee network is relatively sparse. We employ the notion of edge expansion to help track down the “missing” edges. Section 3 introduces fixed degree assignment models in which the number of committee assignments per Congressman is prescribed to match the data. Assignments under these models are generated using a Markov chain Monte Carlo algorithm. In Section 4 we quantify committee connectivity in terms of p-values, and show that many pairs of committees have unusually large common membership, particularly pairings of agricultural with military committees. Using p-values as a proxy for intercommittee distance, Section 5 discusses multidimensional scaling as a way to visualize committee connectivity. We exam freshman assignments and committee turnover in Section 6. Section 7 summarizes our results. This paper is the product of work that began during the 2006 inaugural year of the Summer Math Institute (SMI) at Cornell University. The goal of that program is to help prepare college students for the challenges of graduate school, with a focus on increasing the representation of women and minorities in the math sciences. To that end, students divided their time between an upper level analysis class taught from Rudin’s, “Principles of Mathematical Analysis,” and interdisciplinary research projects. The analysis course was an intensive, rigorous, proof-based class that covered metric spaces, topological spaces, convergence and continuity in general settings, the Riemann-Stieltjes integral, and introductory measure theory. Over the summer, students worked nearly one-hundred homework problems, many of which required several hours to complete. As a result, they consistently devoted 20-30 hours per week learning analysis outside of class, and additionally devoted considerable energy to their research projects. The curriculum was supplemented by weekly guest speakers invited from across the country. The workload and stress level that students dealt with daily was on par with top graduate programs. Most of the ten students in the program came from schools without advanced math



COMMITTEE CONNECTIVITY IN THE U.S. HOUSE OF REPRESENTATIVES



3



United States Congress



House of Representatives



Ways & Means



Social Security



Trade



Senate



Agriculture Livestock & Horticulture



Specialty Crops



Figure 1. Structure of the United States Congress. The House of Representatives has approximately 20 committees and 100 subcommittees. courses. Nonetheless, they succeeded in digesting material taught at the highest undergraduate level and produced original research. The Committee Assignment Process. The House of Representatives is a complicated entity with 435 members divided into over a hundred committees and subcommittees governed by a plethora of procedural rules. The exact number and size of committees varies year-to-year, but is roughly stable. The 107th House (2001 - 2002), for example, consisted of 19 standing committees, the Select Committee on Homeland Security, the Permanent Select Committee on Intelligence, and 92 subcommittees. The Democratic Caucus and Republican Conference draft the rules pertaining to committee assignments for their respective parties. These documents are not part of the public record, so unfortunately a full picture of the assignment procedure is not available. Nonetheless, here we outline key features of the process as described in [8, 20, 22]. In reality, few, if any, rules governing committee assignments are strict, and typically half of the Representatives are granted exemptions. Previous work on committee assignments includes [11, 13]. Committee assignments are under the purview of the Democratic and Republican Steering Committees, groups of 30-50 Representatives that ultimately draw up the committee slates for ratification by the full House. Steering Committees consist of the party leadership, chairs of influential committees, Representatives for the freshman and sophomore classes, and Congressman chosen from each geographic region of the country. Guidelines state that Representatives are limited to two committee assignments, and four subcommittee assignments. Furthermore, four committees are designated as exclusive, meaning Representatives on those committees are excluded from sitting on others, and freshman Congressman cannot be elected to them. As an exception, Democratic members of exclusive committees can simultaneously serve on the Budget or House Administration committee. The four exclusive committees are Rules, Appropriations, Ways & Means, and Energy & Commerce. The ratio of Democrats to Republicans on committees generally reflects party strength in the chamber. However, the Rules Committee – one of the most influential committees – has a ratio of 9:4 in favor of the majority.
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Figure 2. The committee network: edges connect committees with at least one common member. At the start of each two-year term, Representatives deliver written requests to occupy committee vacancies created by departing members. Freshman are generally elected to a committee of their first or second choice, and incumbents have the option of either maintaining or requesting new assignments. Members of a committee are ranked within their party by the number of terms served on the committee – notably, committee ranking does not consider total terms in the House. Ties are resolved by lottery. Seniority affects placement to committee leadership positions (e.g. committee and subcommittee chairmanships), and thus creates an incentive for Representatives to maintain their committee assignments. 2. Sparsity in the Committee Network How can one begin to make sense out of the complex committee structure of the House? Following the approach of [16, 17], we represent the House as a network. In particular, we consider the network of committees of the 107th House in which nodes represent either standing committees, select committees or subcommittees, and edges connect committees that have at least one common member. This results in a network with 113 nodes and 2411 edges. In the simplest model of assignment, standing and select committee members are chosen uniformly at random from the entire membership of the House, and subcommittee members are chosen uniformly from the membership of their parent committees. This model, of course, ignores the known mechanics of the assignment process, and is not intended to mirror reality. However, the aim is to leverage the simple model to highlight structural features of the actual network. As a first comparison, we compute the expected number of edges in the network under the uniform random model. Consider two committees Ci and Cj with sizes ci and cj (the sizes are stipulated by House rules). We first find an expression for the distribution of the number of common members Yi,j = |Ci ∩ Cj | between Ci and Cj under the uniform model. Suppose the committees draw their membership from a pool of ni,j Representatives: in the case Ci and Cj have the same parent committee, ni,j is the size of their parent;
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otherwise, ni,j = 435 is the size of the full House. Then,      ci ni,j − ci ni,j (2.1) P(Yi,j = k) = . k cj − k cj To see this, note that once the membership of committee Ci has been chosen,  −ci there are nci,j equally likely ways to choose committee Cj , but only cki nci,jj −k j committee assignments that result in exactly k common members. The distribution of Yi,j is hypergeometric with parameters ni,j , ci and cj . To calculate the expected number of edges E in the network, we write E as the sum of indicator variables Ei,j where Ei,j = 1 if committees Ci and Cj share a common P member, and Ei,j = 0 otherwise. The linearity of expectation shows that EE = i 0) = 1 − P(Yi,j = 0) = 1 − cj cj and accordingly EE
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where the sums are taken over all pairs of committees. Using the committee sizes of the 107th House, EX ≈ 3644, substantially greater than the 2411 edges observed in the data. Figure 4 shows the distribution of the number of edges in the uniform model based on 1000 random assignments of Representatives to committees. The most obvious source of this discrepancy is the guideline that members who serve on one of the four exclusive committees – Rules, Appropriations, Ways & Means, and Energy & Commerce – not serve on other committees [21]. However, that there are several exceptions to this guideline as shown in Tables 1 and 2. In particular, the majority of members serving on Energy & Commerce have a second committee assignment. Moreover, Democratic members of exclusive committees can simultaneously serve on the Budget or House Administration Committee. Consequently, the impact of exclusive committees is not as significant as one might first guess. Below we discuss how this rule can be inferred from the data alone. As an aside, in the process of working on this project, we “discovered” the existence of exclusive committees from the data before realizing that they are an established component of committee organization. Finding the Missing Edges. To track down the “missing” edges, we compute edge expansion coefficients. For a graph G = (V, E) and vertex subset A ⊂ V , the edge expansion of A is e(A, V \ A) cE (A) = |A| where e(A, V \ A) is the number of edges with one end in A and the other end in its complement X \ A. Table 3 shows actual and expected edge expansions when we set A equal to a standing committees and all of its subcommittees. A large ratio
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Non-Exclusive Assignments Exclusive Assignments 0 1 2 3 4 0 3 11 142 90 10 1 109 62 5 0 0 Table 1. Number of exclusive and non-exclusive standing committee assignments for Representatives of the 107th House.



Assignments 1 2 3 Appropriations 48 14 3 Energy & Commerce 25 32 0 Rules 7 5 1 Ways & Means 29 11 1 Table 2. Number of standing committee assignments for Representatives of the 107th House who serve on one of the four exclusive committees.



in the final column indicates that the committee has fewer connections than one would expect from a uniform random model. The edge expansions clearly show the prominence of three of the four exclusive committees: Rules, Appropriations and Ways & Means. Notably, the fourth committee, Energy & Commerce seems not to be as “exclusive” as the others. The edge expansion coefficient for the graph is defined to be cE =



min



|A|≤|V |/2



cE (A).



The expansion coefficient cE is helpful in microprocessor design, and thus has received considerable attention. In general, cE is NP-hard to compute, however, there are several approximation algorithms based on spectral techniques. For a graph G with n nodes, define the n × n adjacency matrix A such that A(i, j) = 1 if and only if an edge connects nodes vi and vj , and A(i, j) = 0 otherwise. The graph Laplacian is then L = D − A where D is the diagonal matrix with D(i, i) the degree of vertex vi . The Laplacian L is symmetric, and so is diagonalizable in an orthonormal basis of eigenvectors with real eigenvalues. Since the rows of L sum to 0, the constant vector 1 is an eigenvector of L with eigenvalue 0. If G has a vertex subset A with no edges connecting A and V \ A, then L has an eigenvector orthogonal to 1 that is constant on each component and has eigenvalue 0. The heuristic behind spectral partitioning is that the eigenvector associated to the second largest eigenvalue can be used to find sets with small expansion. This idea was first suggested in [7], and experimental work (see e.g. [18, 25]) has shown that the approach is quite good. Figure 3 shows the 2nd − 5th eigenvectors of the graph Laplacian for the 107th Congress. Again we see three of the four exclusive committees (Rules, Appropriations and Ways & Means) while the fourth (Energy & Commerce) is absent. Table 4 shows the ratios of edge expansions Ee(Ci )/ˆ e(Ci ) for exclusive committees of the 101st − 107th Congress. The double bar between the 103rd and 104th Congresses indicates a change in House leadership from Democratic to Republican.
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Committee ˆ e(Ci ) Ee(Ci ) Ee(Ci )/ˆ e(Ci ) Agriculture 48.83 63.30 1.30 Appropriations 6.86 48.59 7.09 Armed Services 51.50 69.93 1.36 Budget 91.00 89.46 0.98 Education and the Workforce 51.83 63.12 1.22 Energy & Commerce 30.57 74.70 2.44 Financial Services 58.71 77.20 1.31 Government Reform 38.38 47.66 1.24 House Administration 32.00 39.28 1.23 International Relations 38.71 54.36 1.40 Judiciary 39.17 56.59 1.44 Resources 51.17 59.28 1.16 Rules 3.33 36.98 11.10 Science 51.20 66.11 1.29 Small Business 40.80 52.09 1.28 Standards of Official Conduct 47.00 42.36 0.90 Transportation and Infrastructure 50.14 72.12 1.44 Veterans’ Affairs 39.75 53.09 1.34 Ways & Means 7.71 53.38 6.92 Permanent Select Committee on Intelligence 40.60 48.48 1.19 Select Committee on Homeland Security 21.00 39.28 1.87 Table 3. Observed and expected edge expansion coefficients for standing and select committees of the 107th House.



Committee Appropriations Energy & Commerce Rules Ways & Means



101 5.45 1.76 3.07 5.24



102 4.67 1.92 3.77 4.28



103 6.12 2.26 5.38 7.13



104 105 106 107 8.22 7.82 7.52 7.09 2.96 2.82 3.40 2.44 11.85 25.45 17.38 11.10 8.41 5.73 6.88 6.92



Table 4. Ratios of edge expansions Ee(Ci )/ˆ e(Ci ) for exclusive committees of the 101st −107th Congress. The double bar indicates a change of House leadership from Democratic to Republican.



The committees are substantially more “exclusive” (i.e. have larger ratios) during Republican years than during Democratic years, and the trend is particularly salient in the Rules committee. This phenomenon seems largely due to the fact that Democratic members of exclusive committees can simultaneously serve on the Budget or House Administration committee, while Republicans members are less likely to serve on other committees. Furthermore, although the majority party generally holds committee seats in proportion to their strength in the chamber, the Rules committee maintains a disproportionate 9:4 ratio in favor of the majority party. For example, in the Democratic-led 103rd Congress, 6 of the 9 Democrats on Rules had another assignment (3 on Budget, 2 on House Administration, and 1 on District of Columbia) while only 1 of the 4 Republicans had an additional assignment. In the
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Figure 3. Eigenvectors associated with the 2nd - 5th smallest eigenvalues of the committee network Laplacian. The x-axis lists committees in the order of Table 3 with subcommittees immediately following their parent committee. Republican-controlled 104th Congress, only 2 of the 9 Republicans and none of the Democrats on Rules served on another committee. 3. Fixed Degree Random Models As discussed in Section 2, the uniform model overestimates the number of edges in the committee network. This is partially due to the fact that members on exclusive committees tend not to serve on other committees. However, a more fundamental, structural reason for sparsity in the committee network is that the uniform model predicts a wide range in the number of committee assignments per Representative, while in reality every Representative serves on approximately the same number of committees. To understand why this affects connectivity, consider a modified network in which multiple edges connect committees in accordance with their number of common members. For example, if committee A and committee B have three common members, then three edges connect them. In the singleedge committee network, edges indicate only that committees share at least one common member. Let dRi be the number of committees to which Representative Ri is assigned. Then the number of edges in the multi-edge network is  n  X dRi E= 2 i=1 since Representative Ri createsan edge between every of pair of committees on which she sits. Because x 7→ x2 is a convex function, by Jensen’s inequality (see
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Model A Constraints: • The number of standing committee assignments for each member is in accord with the data Model B Constraints: • The number of standing committee assignments for each member is in accord with the data • The number of exclusive committee assignments for each member is in accord with the data



Observed Predicted (Model B)



103 104 105 106 107 2944 1831 1986 2021 2411 3101 1919 2034 2154 2578



Table 5. Observed and predicted edge counts from Model B for the 103rd − 107th Congresses.



e.g. [19])  n  X dR i



i=1



2



 ¯ d ≥n 2



Pn



¯ That is, the multiwhere d¯ = 1/n · i=1 dRi , with equality only when dRi = d. edge network has the smallest number of edges when every member has the same number of committee assignments. In the data, this is approximately the case, with almost all members on 2-3 standing committees. The uniform model, by contrast, assigns some Representatives to 4 or 5 committees, while others are assigned to 0 or 1. Jensen’s inequality shows that these high degree Congressman increase connectivity in the network more than the low degree Congressman decrease it. As a concrete example, suppose Representatives R1 and R2 have  two committee assignments each. Then these two Representatives each create 22 = 1 edge in the multi-edge network. If one of R1 ’s assignments is given  to R2 , than R1 losses its single network edge, but now R2 is responsible for 32 = 3 edges, a net increase of 1 edge. To further examine the effect of the number of committee assignments per Representative, we generated random assignments in which Representatives are assigned to the same number of standing committees as they are in the actual 107th House. We call this Model A. Figure 4 shows that these fixed degree assignments typically have far fewer edges than the uniform model - about 3000 on average compared to roughly 3600 for the uniform model. Within this fixed degree framework, it is not difficult to incorporate exclusive committees. Model B randomly assigns Representatives to committees while also keeping the number of exclusive and non-exclusive committee assignments in accord with the data. As shown in Figure 4, Model B has about 2600 edges, similar to the roughly 2400 edges in the data. These results are mirrored in the other congresses, as summarized in Table 5. Generating Fixed Degree Assignments. In the classical random graph model  of Erd¨ os and R´enyi, n vertices are fixed and each of the possible n2 edges are
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Figure 4. Distribution of the number of edges in Model B, Model A and the uniform model (from left to right). Results based on 1000 random assignments of Representatives to committees. There are 2411 edges in the actual network.



Figure 5. In the pairing model, half-edges are joined uniformly at random. The resulting graph may have multiedges and selfloops. added to the graph with probability p. The degrees of each vertex have identical distributions, namely Binomial(n − 1, p). In many applications one would like more control on the degree distribution, and consequently the problem of generating random graphs with a given degree sequence (d1 , . . . , dn ) has received considerable attention. The first method for generating such graphs was the pairing model. This technique is so intuitive that it has been re-discovered several times. The earliest references seem to be [3, 4], and its history is discussed in [28]. In the pairing model, “half-edges” are drawn at each vertex in accordance with its desired degree. The half-edges of the graph are then paired uniformly at random, resulting in a graph with the prescribed degree sequence. However, this graph may have self-loops or
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Figure 6. The MCMC algorithm for generating fixed degree random graphs proceeds by selecting uniformly at random and swapping disjoint edges. multiple edges between a single pair of vertices. See Figure 5 for an illustration of the process. In the pairing model, one continues to generate graphs in this way until achieving a simple graph, i.e. a graph with neither self-loops nor multiedges. Since each simple graph is induced by the same number of half-edge matchings, the pairing model generates graphs uniformly among simple graphs with the desired degree sequence. For the pairing model to be a viable technique, the probability of generating simple graphs must be relatively large. Unfortunately, this is often not the case. In particular, for d-regular graphs, [3] shows that P (simple graph) ∼ e



1−d2 4



as n → ∞.



For example, when d = 10 the probability of generating a simple graph is approximately 1.8 × 10−11 , making the pairing algorithm prohibitively expensive. The Steger-Wormald algorithm [26] modifies the pairing model by joining halfedges only if doing so does not create a self-loop or multiedge. Although this method generates simple graphs by construction, it is possible for the algorithm to get stuck before all vertices have their requisite degree. Moreover, running the algorithm until obtaining a graph with the correct degree sequence does not result in a realization that is uniform over the desired set. Results of [12] show that the asymptotic distribution is approximately uniform for d-regular graphs with d = o(n1/3− ) and  > 0 fixed. However, little is known about the distribution for non-regular graphs. A widely used technique for generating fixed-degree random graphs is a Markov chain Monte algorithm based on edge swaps; this is the method we use. Start with any graph having the desired degree sequence. An efficient method for deterministically generating such an initial graph was discovered independently by Havel [10] and Hakimi [9], and is discussed below. Given a realization G, choose two edges (x, y) and (u, v) uniformly at random such that x, y, u, v are distinct vertices. If neither the edge (x, v) nor (u, y) are present in G, add these edges and delete (x, y) and (u, v); otherwise do nothing. See Figure 6 for an illustration of the method. These edge swapping moves define a Markov chain on the set Ω of simple graphs satisfying the given degree sequence. Since the probability of transitioning from the graph G to the graph G0 is the same as the reverse transition G0 to G, basic Markov chain theory shows that the chain converges to the uniform distribution on Ω. Regardless of the starting graph, after a sufficiently large number of edge swaps, the resulting random graph is approximately equally likely to be any graph in Ω.
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As with most Markov chain Monte Carlo algorithms, it is a delicate question to determine the number of steps necessary to approach the target distribution. However, empirical evidence suggests that this switching algorithm tends to converge quickly [14]. Havel and Hakimi introduced an elegant procedure for generating a (non-random) graph with prescribed degree sequence d = (d1 , . . . , dn ) – assuming such a realization exists. Pick a vertex vi (with degree di ) and choose any set of di highest degree vertices, not including vi . That is, pick a set of vertices Ai = {vi1 , . . . vidi } such that vi 6∈ Ai and deg(vij ) ≥ deg(w) for w 6∈ Ai ∪ {vi }. Connect vi to the vertices in Ai . Now the problem is reduced to finding a graph on n − 1 vertices with degree sequence d˜ where the vertex vi has been removed and the degrees of vertices in Ai have been reduced by 1. We then iterate the procedure. To prove that the HavelHakimi method works, consider a realization G of the degree sequence d. Suppose that in the graph G, vi is not already connected to all the vertices in Ai . Then there exists a vertex x ∈ Ai and u 6∈ Ai such that vi is adjacent to u but not to x. If deg(u) = deg(x) then we interchange the vertices u and x. Otherwise, we have deg(x) > deg(u), and there consequently exists a vertex y 6= u adjacent to x but not to u. Alter G be deleting the edges (x, y) and (u, vi ) and adding the edges (x, vi ) and (u, y). This is the same type of edge swapping used in the Markov chain above. Iterating this procedure if necessary, we generate a realization of d such that vi is connected to all the vertices in Ai . Removing the vertex vi and its edges ˜ Hence, the sequence d˜ is realizable and the proof is ˜ of d. results in a realization G completed by induction. To generate random assignments, we start with the data-induced bipartite graph with vertex set consisting of the 435 Representatives and 13 standing and select committees. Edges are drawn between Representatives and committees to indicate membership. Alternatively, Havel-Hakimi can be used to generate the initial graph. Repeated edge swaps yield new committee assignments that preserve the number of assignments per Representative. The memberships of subcommittees are then chosen uniformly at random from their respective parent committees. To maintain the bipartite structure of the assignment graph, a slight modification to the algorithm is necessary: random edges are chosen so that they start in the set of Representatives and end in the set of committees. In the notation above, x and u are Representatives, and y and v are committees. To generate assignments for Model B, which incorporates exclusive committees, edge swaps are performed only if either both of the selected edges connect to exclusive committees or both connect to non-exclusive committees. In this way, the number of exclusive and non-exlusive committee assignments per Representative is preserved.



4. Quantifying Committee Connectivity We expect two large committees to have more common members than two small committees. Consequently, in order to compare connectivity across committees, we need a measure that corrects for the size bias. One such measure, the interlock, normalizes by the expected number of common members. This statistic was introduced in [17] to study the House network, and is based on an unnormalized version used, for example, to study connections between boards of directors of Fortune 1000 companies [15].
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The interlock Li,j between committees Ci and Cj is defined to be the observed number of common members divided by the expected number of common members: ˆi,j /ENi,j . To compute ENi,j under the uniform model, write Ni,j as the sum of N variables Ii,j,k that indicate whether or not Representative k is in both committee Ci and Cj . Assuming committee members are chosen independently and uniformly from n Representatives, P(Ii,j,k = 1) = ci cj /n2 , and hence ci cj ENi,j = . n For example, the 9-member Select Committee on Homeland Security and the 13member Rules Committee – which share two members – has interlock Li,j = 7.4. One drawback of the interlock is that it is hard to interpret: What constitutes a large value? Instead, we quantify connectivity using p-values, a standard statistical measure. Define pi,j to be the probability that under the uniform random model committees Ci and Cj have at least as many common members as are actually observed in the data. For example, in the case of the Select Committee on Homeland Security and the Rules Committee, what is the probability that by pure chance– under the uniform model–they would share at least two common members? By (2.1) pi,j



ˆi,j ) = P(Ni,j ≥ N ˆi,j ) = 1 − P(Ni,j < N ˆi,j −1  N



=



1−



X



k=0



ci k







n − ci cj − k



   n . cj



Using this notion of connectivity, the Select Committee on Homeland Security and the Rules Committee have pi,j = 2.6%. That is, 2.6% of uniform random assignments result in this pair sharing at least 2 common members, indeed an unlikely event. Should we now conclude that the membership of Homeland Security and Rules were not chosen at random? The  problem with jumping to that conclusion is that if we examine each of the 113 ≈ 6000 pairs of committees, we will undoubtedly 2 observe events that occur 2.6% of the time – it would be surprising if we did not. Consequently, it is difficult to judge whether we are seeing a rare event simply because we are observing so many events, or rather because the members on these committees were not chosen uniformly at random. Nonetheless, p-values can be used to identify potentially interesting trends for further investigation. Table 6 lists the 25 pairs of committees with the smallest p-values, i.e. the pairs which have the most unusually high number of common members. At the top of the list is the pair Armed Services and Veterans’ Affairs. Given the similar, military function of these committees one might reasonable guess that they would have more common members than expected by chance. In fact, however, the number of common members between these two committees has not always been so high, but has steadily grown throughout the 1990’s. Their increase in similarity coincides with the post Cold War demobilization during the Clinton years. Another noticeable trend is the prevalence of agricultural committees paired with military committees. This seems partially due to the fact that rural, agrarian districts have a disproportionate number of military installations. We discuss both these observations further in Section 5.



14



A. CRUMP, S. GOEL, Y. INTERIAN, B. KEATHLEY, H. LIN AND K. MUGO



p-Values Committee Pairs 0.000048 Armed Services & Veterans’ Affairs 0.000233 Specialty Crops and Foreign Agriculture Programs & Intelligence Policy and National Security 0.000400 East Asia and the Pacific & Commercial and Administrative Law 0.000591 Military Installations and Facilities & Veterans’ Affairs 0.001067 International Monetary Policy and Trade & Government Efficiency, Financial Management and Intergovernmental Relations 0.001157 Immigration, Border Security and Claims & Science 0.001280 Department Operations, Oversight, Nutrition and Forestry & Transportation and Infrastructure 0.001779 Small Business & Highways and Transit 0.002235 Immigration, Border Security and Claims & Space and Aeronautics 0.002240 Conservation, Credit, Rural Development and Research & Aviation 0.002645 General Farm Commodities and Risk Management & Research 0.002664 Housing and Community Opportunity & Europe 0.002744 Military Readiness & Veterans’ Affairs 0.002755 Agriculture & Intelligence Policy and National Security 0.003302 Armed Services & Benefits 0.003599 Military Installations and Facilities & Health 0.003640 Financial Services & Europe 0.003689 Military Installations and Facilities & Fisheries Conservation, Wildlife and Oceans 0.003695 Housing and Community Opportunity & Commercial and Administrative Law 0.003695 Domestic Monetary Policy, Technology, and Economic Growth & Workforce, Employment, and Government Programs 0.003879 International Relations & Judiciary 0.004275 Specialty Crops and Foreign Agriculture Programs & Permanent Select Committee on Intelligence 0.004476 Department Operations, Oversight, Nutrition and Forestry & Aviation 0.004676 Education and the Workforce & National Parks, Recreation and Public Lands 0.004816 General Farm Commodities and Risk Management & Intelligence Policy and National Security Table 6. The 25 pairs of committees with the smallest p-values for the 107th House.



5. Visualizing Committees The p-values computed above quantify the proximity or dissimilarity between committees: Small p-values indicate that the committees share more members than one would expect by chance. To visualize the implied geometry, we place committees as points in the plane so that their Euclidean interpoint distances approximate their empirical dissimilarities. Given points x1 , x2 , . . . xn ∈ Rp , it is easy to compute their interpoint Euclidean distances q di,j = (x1i − x1j )2 + · · · + (xpi − xpj )2 .
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We are interested in the inverse problem: Given interpoint distances, how can we reconstruct the points? Schoenberg [23] is usually attributed for characterizing the existence of such points, although Albouy [2] cites a previous, equivalent result by Borchardt [5] appearing as early as 1866. More generally, how do we find a low dimensional representation of the points that approximately respects the interpoint distances? The solution, multidimensional scaling [27, 29], has become a standard tool for visualizing high dimensional data, and is closely related to principle components analysis. A useful reference is [6]. Of course, at best the interpoint distances specify the points up to orthogonal transformation.PSo, without n loss, we find a set of points whose center of mass is at the origin, i.e. i=1 xi = 0. Organize the unknown points into an n × p matrix X, and consider the symmetric matrix of dot products S = XX T , i.e. Si,j = xi xTj . Then the orthogonal eigendecomposition S = U ΛU T shows that X = U Λ1/2 . In particular, the problem is reduced to finding the cross product matrix S from the interpoint distances. Now observe, d2 (xi , xj ) = (xi − xj )(xi − xj )T = xi xTi + xj xTj − 2xi xTj . As matrices, D2 = s1T + 1sT − 2S



(5.1)



where D2 is the n × n matrix of squared interpoint distances, s is the n × 1 vector of the diagonal entries of S, and 1 is the n × 1 vector of ones. We show S is obtained by double centering D2 : 1 1 H = I − 11T . (5.2) S = − HD2 H 2 n To see this, first note that for any matrix A, HAH centers the rows and columns to have mean 0. Consequently, Hs1T H = H1sT H = 0 since the rows of s1T and the columns of 1sT are constant. Substituting (5.1) into (5.2), we have 1 − HD2 H = HSH. 2 P P Finally, the rows of S satisfy j xi xTj = xi ( j xj )T = 0 since we assumed the points were centered. By symmetry, the columns of S also have mean 0, and hence, HSH = S, establishing (5.2). In summary, given an n × n matrix of interpoint distances D, one can solve for the points by: (1) Double centering the squared interpoint distance matrix: S = − 21 HD2 H (2) Diagonalizing S: S = U ΛU T (3) Extracting X: X = U Λ1/2 . In the above we assumed the unknown points did in fact lie in some Euclidean space, and were interested in finding points whose interpoint distances agreed with D exactly. More generally, given points xi in some high dimensional space we would like a low dimensional embedding xi → yi that preserves the interpoint distances as closely as possible. This can be done by focusing on only the k-largest eigenvalues and their associated eigenvectors. In particular, setting Yk equal to the first k columns of X solves the minimization problem (5.3)



min



yi ∈Rk



n X i,j=1



kxi − xj k22 − kyi − yj k22



2
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Figure 7. An MDS plot of standing committees for the 107th House based on interconnectivity as measured via p-values. !! corresponds to preserving squared distance in the sense of least squares. (We !that ! " !



assume the diagonalization S = U ΛU T is such that entries decrease along the diagonal of Λ.) Preserving distance squared (as opposed to distance) may seem unintuitive, but the advantage of this minimization problem is that the solution can be expressed as an eigendecomposition. In our setting it is not reasonable to believe that p-values correspond to interpoint distances between committees in some Euclidean space. Rather, they are measures of proximity. The MDS eigenvector solution then does not correspond to the minimization problem (5.3), but the technique is still useful as an exploratory data analysis method that heuristically finds points such that their Euclidean interpoint distances approximate the proximities D. See [24] for further discussion of non-metric MDS. The results of MDS applied to the committees of the 107th House are shown in Figure 7. As expected, the military committees Armed Services, Veterans’ Affairs and the Permanent Select Committee on Intelligence are quite close to each other. More surprisingly, these committees are relatively close to Agriculture and Resources. A reasonable explanation is that all these committees attract Representatives from rural, sparsely populated districts, which have both an agrarian economy and a disproportionate number of military installations. For instance, Rep. Terry Everett (R-AL) sits on the Agriculture, Armed Services, Veterans’ Affairs and Intelligence committees, and comes from a district whose economy is driven by defense and agriculture. Everett’s 2nd district is home of the U.S. Army Aviation School at Fort Rucker, the U.S. Air Force’s Air University at Maxwell
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Figure 8. An MDS plot of standing committees for the 103rd House based on interconnectivity as measured via p-values.



Air Force Base, as well as many defense contractors. Moreover, Alabama’s 2nd is among the top 20% of congressional districts in terms of agricultural market value [1]. An extensive analysis of committee assignment requests [8] identified Agriculture, Armed Services and Resources as three of the four committees for which constituency demographics plays a key role (the fourth committee is International Relations). Agriculture is the exemplar of a constituency committee, with members overwhelmingly citing district interests as the primary factor influencing their request. Members who request Armed Services have a greater military presence in their district – no matter whether that presence is measured in terms of workforce or number of installations – and members requesting Resources tend to represent sparsely populated areas. The general committee organization in the MDS plot of the 107th House is replicated in other Congresses as well, and appears stable under changes in House leadership. Figure 8 shows an MDS plot of the 103rd House, the most recent term in which Democrats were in control. (Note: The Democrats recently took leadership of the 110th House, but full committee data from this term is not yet available.) We again see a clustering of Agriculture, Resources and Armed Services. Surprisingly, Veterans’ Affairs is not as closely aligned with Armed Services in the 103rd House as in the 107th . In fact, although the sizes of these two committees has been roughly
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100 101 102 103 104 105 106 107 108 109 110 5 5 6 8 8 9 12 13 9 8 3 .3837 .3321 .2348 .0620 .0385 .0107 .00024 .000048 .0188 .0396 .8125 Table 7. Number of common members between Armed Services and Veterans’ Affairs, and corresponding p-values, for the 100th − 110th Congresses (1987 - 2009).



constant, their number of common members grew steadily during the 1990’s, and then recently decreased (see Table 7). This pattern coincides with the post-Cold War demobilization during the Clinton years in which the number of troops was reduced by more than 30%, followed by the post-September 11, 2001 increase in military deployment. Prior to the 1990’s, the size of the military had been steady at about 2 million active duty personnel since the post-Vietnam demobilization. It seems that the evolving role of the Armed Services and Veterans’ Affairs committees is reflected in their connectivity. 6. Effects of Seniority on Committee Connectivity In the previous sections we restricted our analysis to consider only information encapsulated by the network structure itself. In particular, we ignored an obvious factor affecting committee assignments: seniority. Each committee ranks members based on time served on the committee, and high ranking Congressman are more likely to be selected for committee leadership positions. In particular, the rankings do not consider total time in the House. A Representative’s time on a committee involves learning specialized material and building working relationships that are not always transferable to other committees. These factors consequently diminish the frequency of transfer requests, and the majority of transfers are for a small number of sought after assignments, for example seats on exclusive committees [11]. The term-to-term turnover rate for committees varies significantly, from nearly 0% - 35%. For example, based on data from the 102nd - 107th Houses, a third of the members on Small Business transfered to other committees. Moreover, of the 103 vacancies created on Small Business due to transfers, election losses, deaths, etc., nearly 90% were filled by freshman Congressman; only a handful of Representatives transferred to Small Business from other committees. The Science committee is similar, with a term-to-term transfer rate of 27% and 83% of vacant seats occupied by freshman. As an aside, note that high-turnover is not necessarily indicative of low desirability, but simply of mobility. Figure 9 shows the percentage of freshman Congressman serving on various standing committees. Clearly, seniority plays an important role in committee assignments. However, perhaps surprisingly, seniority does not seem to affect committee connectivity after accounting for exclusive committee assignments. Model C extends the fixed degree models A and B by restricting to random assignments in which the number of freshman on each committee agrees with the data. As with the other models, assignments are generated via a Markov chain Monte Carlo algorithm based on edge swaps. In this case, edge swaps are performed only if 1) either both selected edges connect to freshman or both connect to non-freshman;



COMMITTEE CONNECTIVITY IN THE U.S. HOUSE OF REPRESENTATIVES



19



Intelligence Standards of Official Conduct Ways and Means Rules Appropriations House Administration Energy and Commerce International Relations Budget Judiciary Armed Services Education Resources Veterans’ Affairs Agriculture Government Reform Financial Services Transportation Science Small Business 0



0.05



0.1



0.15



0.2 Percentage Freshman



0.25



0.3



0.35



0.4



Figure 9. Percent of freshman Representatives on various committees, averaged over terms 102-107. Freshman held about 20% of committee seats. Model C Constraints: • The number of standing committee assignments for each member is in accord with the data. • The number of exclusive committee assignments for each member is in accord with the data. • The number of freshman on each committee is in accord with the data. and 2) either both selected edges connect to exclusive committees or both connect to non-exclusive committees. The edge count distribution for Model C is shown in Figure 10. On average these models have approximately 2600 edges, the same as Model B which only explicitly incorporates exclusive committee assignments. Since freshman for the most part do not sit on exclusive committees, Model B implicitly captures the connectivity effects of seniority. 7. Conclusion In this article we use ideas from random graph theory, statistics and computer science to analyze the committee structure of the United States House of Representatives, and discuss what conclusions can be drawn from the network itself with only limited knowledge of the political process. We consider the network of committees having edges between committees that share at least one common member. Although there are pockets of high connectivity, overall the network is much sparser than predicted by a uniform random model of assignment. In particular, the data-induced network for the 107th Congress has 2411 edges while uniform assignments typically yield approximately 3650 edges. To a large extent we find this is explainable by two observations: First, nearly all members are assigned to about the same number of committees, unlike a uniform random model in which
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Figure 10. Distribution of the number of edges in Model C. Results based on 1000 random assignments of Representatives to committees.



some Representatives sit on a relatively large number of committees while others sit on none at all. Second, members on exclusive standing committees tend not to be assigned to other standing committees. However, although House rules identify four exclusive committees, an edge expansion analysis of the network shows that only three of the four (Appropriations, Rules and Ways & Means) substantially affect connectivity. Most members on the fourth committee, Energy & Commerce, in fact have other committee assignments. We built models incorporating these two factors using fixed-degree random assignments generated via a Markov chain Monte Carlo algorithm based on edge swaps. In terms of network connectivity, our models agree quite well with the data, typically having 2600 edges. Comparable results are obtained for the 103rd − 106th Congresses. Our network-based methodology reveals an association between agricultural and military committee assignments that seems due to the disproportionate presence of military installations in agrarian areas together with a self-selection of members to committees that represent district interests. This relationship was discovered via a multidimensional scaling plot of the committees using p-values as a proxy for distance. Due to differences in the rules governing committee assignments for Democrats and Republicans, we see that a change of party control affects connectivity. We also find a shift in the connectivity of the Armed Services and Veterans’ Affairs committees coinciding with their evolving roles during the post-Cold War and post 9/11 eras. It is clear that seniority of Representatives affects committee assignments. For instance, Small Business and Science, have a disproportionately large number of freshman members. Surprisingly, including this fact in our models does not affect network connectivity. The effects of seniority seem to be captured implicitly by accounting for exclusive committees, which tend not to have freshman members. Our work suggests several directions for further investigation. This paper focuses on static models of assignment, i.e. models in which all Representatives are assigned
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to committees without regard to assignments in previous terms. It would be particularly interesting to build and study dynamic models of committee assignment that incorporate committee turnover and transfer rates. Acknowledgments We are grateful to Mason Porter for providing the committee data used in this paper and for his helpful comments throughout the summer and beyond. We thank the many sponsors of Cornell’s 2006 Summer Math Institute for their generosity and support: the Center for Applied Mathematics, the Department of Mathematics, the Office of the Provost, the College of Engineering, and the Sloan Foundation. We also thank James Fowler and Peter J. Mucha for their feedback and assistance. References 1. 2002 census of agriculture, Tech. report, United States Department of Agriculture, National Agriculture Statistical Service, 2002. 2. A. Albouy, Mutual distances in celestial mechanics, Lectures at Nankai Institute, Tianjin, China, 2004. 3. E.A. Bender and E.R. Canfield, The asymptotic number of labeled graphs with given degree sequence, J. Combinatorial Theory Ser. A 24 (1978), 296–307. 4. B. Bollob´ as, A probabilistic proof of an asymptotic formula for the number of labeled regular graphs, European J. Combin 1 (1980), 311–316. 5. C.W. Borchardt, Ueber die aufgabe des maximum, welche der bestimmung des tetraeders von gr¨ osstem volumen bei gegebenem fl¨ acheninhalt der seitenfl¨ achen f¨ ur mehr als drei dimensionen entspricht, Mathematische Abhandlungen der Akademie der Wissenschaften zu Berlin (1866), 121–155. 6. Trevor F. Cox and Michael A. A. Cox, Multidimensional scaling, Chapman & Hall, 2000. 7. W. E. Donath and A.J. Hoffman, Lower bounds for the partitioning of graphs, J. Res. Develop. 17 (1973), 420–425. 8. Scott A. Frisch and Sean Q. Kelly, Committee assignment politics in the U.S. House of Representatives, University of Oklahoma Press, 2006. 9. S. L. Hakimi, On realizability of a set of integers as degrees of the vertices of a linear graph, I. J. Soc. Indust. Appl. Math. 10 (1962), 496–506. 10. V. Havel, A remark on the existence of finite graphs, Casopis Pest. Mat. 80 (1955), 477–480. 11. Malcolm E. Jewell and Chu Chi-Hung, Membership movement and committee attractiveness in the U.S. House of Representatives, 1963-1971, American Journal of Political Science 18 (1974), 433 – 441. 12. J.H. Kim and V.H. Vu, generating random regular graphs, Proceedings of the Thirty-Fifth Anual ACM Symposium on Theory of Computing, ACM, New York, 2003, pp. 213–222. 13. Nicholas A. Masters, Committee assignments in the House of Representatives, The American Political Science Review 55 (1961), 345–357. 14. R. Milo, N. Kashtan, S. Itzkovitz, M. E. J. Newman, and U. Alon, On the uniform generation of random graphs with prescribed degree sequences, preprint available at http://arxiv.org/abs/cond-mat/0312028. 15. M. E. J. Newman, S. H. Strogatz, and D. J. Watts, Random graphs with arbitrary degree distributions and their applications, Physical Review E 64 (2001), no. 2. 16. Mason A. Porter, Peter J. Mucha, M. E. J. Newman, and A. J. Friend, Community structure in the United States House of Representatives, Submitted to Social Networks. 17. Mason A. Porter, Peter J. Mucha, M. E. J. Newman, and Casey M. Warmbrand, A network analysis of committees in the United States House of Representatives, Proceedings of the National Academy of Sciences 102 (2005), no. 20, 7057–7062. 18. A. Pothem, H.D. Simon, and K.-P. Liou, Partitioning sparse matrices with eigenvectors of graphs, SIAM J. Matrix Anal. Appl. 11 (1990), 430–452. 19. Walter Rudin, Real and complex analysis, McGraw Hill Science/Engineering/Math, 1986. 20. Judy Schneider, House committees: Assignment process, Tech. report, CRC Report for Congress, 2004.



22



21. 22. 23.



24. 25. 26. 27. 28. 29.



A. CRUMP, S. GOEL, Y. INTERIAN, B. KEATHLEY, H. LIN AND K. MUGO



, House committees: Categories and rules for committee assignments, Tech. report, CRC Report for Congress, 2004. , House subcommittees: Assignment process, Tech. report, CRC Report for Congress, 2004. I.J. Schoenberg, Remarks to maurice frechet’s article “sur la definition axiomatique d’une classe d’espace distances vectoriellement applicable sur l’espace de hilbert, The Annals of Mathematics 36 (1935), no. 3, 724–732. R.N. Shepard, The analysis of proximities: Multidimensional scaling with an unknown distance function, Psychometrika 27 (1962), no. 2, 125–140. H. D. Simon, Partitioning of unstructured problems for parallel processing, Computing Systems in Engineering (1991), 135–148. A. Steger and N.C. Wormald, Generating random regular graphs quickly, Combin. Probab. Comput. 8 (1999), 377–396. W. S. Torgerson, Multidimensional scaling: I. theory and method, Psychometrika 17 (1952), 401–419. N.C. Wormald, Models of random regular graphs, Surveys in combinatorics, London Math Soc. Lecture Note Ser., vol 267, Cambridge Univ. Press, Cambridge, 1999, pp. 239–298. G. Young and A.S. Householder, Discussion of a set of points in terms of their mutual distances, Psychometrika 3 (1938), 19–22.



























[image: COMMITTEE CONNECTIVITY IN THE UNITED ... - Semantic Scholar]
COMMITTEE CONNECTIVITY IN THE UNITED ... - Semantic Scholar












[image: in chickpea - Semantic Scholar]
in chickpea - Semantic Scholar












[image: in chickpea - Semantic Scholar]
in chickpea - Semantic Scholar












[image: Networks in Finance - Semantic Scholar]
Networks in Finance - Semantic Scholar












[image: Discretion in Hiring - Semantic Scholar]
Discretion in Hiring - Semantic Scholar












[image: Randomness in retrospect: Exploring the ... - Semantic Scholar]
Randomness in retrospect: Exploring the ... - Semantic Scholar












[image: Learning in the Cultural Process - Semantic Scholar]
Learning in the Cultural Process - Semantic Scholar












[image: A refinement of the simple connectivity at infinity of ... - Semantic Scholar]
A refinement of the simple connectivity at infinity of ... - Semantic Scholar












[image: Distinctiveness in chromosomal behaviour in ... - Semantic Scholar]
Distinctiveness in chromosomal behaviour in ... - Semantic Scholar












[image: Distinctiveness in chromosomal behaviour in ... - Semantic Scholar]
Distinctiveness in chromosomal behaviour in ... - Semantic Scholar












[image: Semantic-based Connectivity in a Peer Data Management System]
Semantic-based Connectivity in a Peer Data Management System












[image: the paper title - Semantic Scholar]
the paper title - Semantic Scholar












[image: The Information Workbench - Semantic Scholar]
The Information Workbench - Semantic Scholar












[image: the paper title - Semantic Scholar]
the paper title - Semantic Scholar












[image: The Best Medicine - Semantic Scholar]
The Best Medicine - Semantic Scholar












[image: The Best Medicine - Semantic Scholar]
The Best Medicine - Semantic Scholar












[image: The Kuleshov Effect - Semantic Scholar]
The Kuleshov Effect - Semantic Scholar












[image: The Information Workbench - Semantic Scholar]
The Information Workbench - Semantic Scholar












[image: Evaluation of the CellFinder pipeline in the ... - Semantic Scholar]
Evaluation of the CellFinder pipeline in the ... - Semantic Scholar












[image: A Critical Role for the Hippocampus in the ... - Semantic Scholar]
A Critical Role for the Hippocampus in the ... - Semantic Scholar












[image: Supporting Variable Pedagogical Models in ... - Semantic Scholar]
Supporting Variable Pedagogical Models in ... - Semantic Scholar












[image: Protecting Vulnerable Subjects in Clinical ... - Semantic Scholar]
Protecting Vulnerable Subjects in Clinical ... - Semantic Scholar












[image: OPTIONALITY IN EVALUATING PROSODY ... - Semantic Scholar]
OPTIONALITY IN EVALUATING PROSODY ... - Semantic Scholar















COMMITTEE CONNECTIVITY IN THE UNITED ... - Semantic Scholar






random graph theory, statistics and computer science, we discuss what con- .... At the start of each two-year term, Representatives deliver written requests to ..... We call this Model A. Figure 4 shows that these fixed degree assignments ... 






 Download PDF 



















 955KB Sizes
 2 Downloads
 357 Views








 Report























Recommend Documents







[image: alt]





COMMITTEE CONNECTIVITY IN THE UNITED ... - Semantic Scholar 

that has jurisdiction over taxation, trade and several entitlement programs, and in- ... disproportionately assigned to certain committees, such as Small Business and ...... mittee connectivity after accounting for exclusive committee assignments.














[image: alt]





in chickpea - Semantic Scholar 

Email :[email protected] exploitation of ... 1990) are simple and fast and have been employed widely for ... template DNA (10 ng/ l). Touchdown PCR.














[image: alt]





in chickpea - Semantic Scholar 

(USDA-ARS ,Washington state university,. Pullman ... products from Ã—California,USA,Sequi-GenGT) .... Table 1. List of polymorphic microsatellite markers. S.No.














[image: alt]





Networks in Finance - Semantic Scholar 

Mar 10, 2008 - two questions arise: how resilient financial networks are to ... which the various patterns of connections can be described and analyzed in a meaningful ... literature in finance that uses network theory and suggests a number of areas 














[image: alt]





Discretion in Hiring - Semantic Scholar 

In its marketing materials, our data firm emphasizes the ability of its job test to reduce ...... of Intermediaries in Online Hiring, mimeo London School of Economics.














[image: alt]





Randomness in retrospect: Exploring the ... - Semantic Scholar 

Studies exploring the connections between memory ... Randomness in retrospect: Exploring the ..... These data extend the literature on randomness cog-.














[image: alt]





Learning in the Cultural Process - Semantic Scholar 

generation, then could a population, over many generations, be .... But we can imagine that, over time, the community of people .... physical representations) into one bit string that can be applied to .... Princeton: Princeton University Press.














[image: alt]





A refinement of the simple connectivity at infinity of ... - Semantic Scholar 

Louis Funar and Daniele Ettore Otera arch. math. Remark1. The simple connectivity at infinity is not a quasi-isometry invariant of spaces ([15]). In fact (S1 Ã— R) âˆª.














[image: alt]





Distinctiveness in chromosomal behaviour in ... - Semantic Scholar 

Marathwada Agricultural University,. Parbhani ... Uni, bi and multivalent were 33.33%, 54.21 % and. 2.23 % respectively. Average ... Stain tech, 44 (3) : 117-122.














[image: alt]





Distinctiveness in chromosomal behaviour in ... - Semantic Scholar 

Cytological studies in interspecific hybrid derivatives of cotton viz., IS-244/4/1 and IS-181/7/1 obtained in BC1F8 generation of trispecies cross ... Chromosome association of 5.19 I + 8.33 II +1.14III + 1.09IV and 6.0 I+ 7.7 II +0.7III + 1.25IV was














[image: alt]





Semantic-based Connectivity in a Peer Data Management System 

Abstract. In the last years, Peer Data Management Systems (PDMS) came into the ... Such issues can be facilitated if an efficient strategy for peer connectivity is employed, for example, grouping semantically similar peers within semantic.














[image: alt]





the paper title - Semantic Scholar 

rendering a dust cloud, including a particle system approach, and volumetric ... representing the body of a dust cloud (as generated by a moving vehicle on an ...














[image: alt]





The Information Workbench - Semantic Scholar 

applications complementing the Web of data with the characteristics of the Web ..... contributed to the development of the Information Workbench, in particular.














[image: alt]





the paper title - Semantic Scholar 

OF DUST CLOUDS FOR REAL-TIME GRAPHICS APPLICATIONS ... Proceedings of the Second Australian Undergraduate Students' Computing Conference, ...














[image: alt]





The Best Medicine - Semantic Scholar 

Sound too good to be true? In fact, such a treatment ... maceutical companies have huge ad- vertising budgets to ..... pies with some empirical support should be ...














[image: alt]





The Best Medicine - Semantic Scholar 

Drug company marketing suggests that depression is caused by a .... berg, M. E. Thase, M. Trivedi and A. J. Rush in Journal of Clinical Psychiatry, Vol. 66,. No.














[image: alt]





The Kuleshov Effect - Semantic Scholar 

Statistical parametric maps (from right hemisphere to left hemisphere) and parameter estimate plots illustrating the main effect of faces presented in the (c) negative-neutral contexts and (d) positive-neutral contexts. Faces presented in both negati














[image: alt]





The Information Workbench - Semantic Scholar 

across the structured and unstructured data, keyword search combined with facetted ... have a Twitter feed included that displays live news about a particular resource, .... Advanced Keyword Search based on Semantic Query Completion and.














[image: alt]





Evaluation of the CellFinder pipeline in the ... - Semantic Scholar 

Rat Genome Database, Medical College of Wisconsin, Milwaukee, USA .... using GNAT [5], a system for extraction and normalization of gene/protein mentions.














[image: alt]





A Critical Role for the Hippocampus in the ... - Semantic Scholar 

Oct 22, 2013 - Rick S, Loewenstein G (2008) Intangibility in intertemporal choice. ... Martin VC, Schacter DL, Corballis MC, Addis DR (2011) A role for the.














[image: alt]





Supporting Variable Pedagogical Models in ... - Semantic Scholar 

eml.ou.nl/introduction/articles.htm. (13) Greeno, Collins, Resnick. “Cognition and. Learning”, In Handbook of Educational Psychology,. Berliner & Calfee (Eds) ...














[image: alt]





Protecting Vulnerable Subjects in Clinical ... - Semantic Scholar 

States Department of Health and Human Services. The. Office for Human ... The list of human-subject research abuses in the United. States is regrettably long. ... cal investigators protected vulnerable research subjects by excluding them from ...














[image: alt]





OPTIONALITY IN EVALUATING PROSODY ... - Semantic Scholar 

ILK / Computational Linguistics and AI. Tilburg, The Netherlands ..... ISCA Tutorial and Research Workshop on Speech Synthesis,. Perthshire, Scotland, 2001.


























×
Report COMMITTEE CONNECTIVITY IN THE UNITED ... - Semantic Scholar





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















