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Figure 5: Semiparametric Estimates of Calpine’s Conduct Function
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unilaterally deviate.

Besides the computational complexity of the problem, one of the difficulties in finding Nash equilibrium supply
functions is the multiplicity of equilibria. This multiplicity arises because if firm i’s rivals are submitting elastic
supply functions then firm 4 should also submit a more elastic supply function, otherwise it would price itself out
of the market. Similarly, if firm 4’s rivals are submitting inelastic supply functions then firm i should submit a
more inelastic supply function. As such, there has been an extensive theoretical literature trying to overcome the

non-uniqueness of supply function equilibria by imposing further assumptions and structure on the model.

5.1 Methods of Finding Unique Supply Function Equilibria

Rudkevich (1999) and Baldick, Grant, and Kahn (2000), (2004) study linear supply functions. Rudkevich derives
optimality conditions giving a Nash equilibrium for a supply function when marginal costs and market demand are
linear, firms are restricted to bidding linear supply functions, and the support of the demand shock has at least two
distinct points. He shows these conditions to yield a unique solution and proposes using an iterative myopic best
response algorithm to solve for the equilibrium. Baldick, Grant, and Kahn give conditions under which this myopic
best response algorithm is a contraction mapping—implying the technique will converge from any starting point and
that the unique equilibrium is stable. They also show that while there do exist a multitude of nonlinear equilibria

(which could arise if firms are not restricted to submitting linear supply functions), if a firm’s rivals all bid linear
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supply functions it is then optimal for the firm to bid a linear supply function. Although the linear SFE model has
these attractive properties, we find that in our case it falls short of capturing some complexities of the market. For
one, most of our marginal cost estimates exhibit nonlinearities, which we would like to be able to account for in our
derivation. Secondly, the linear supply function model assumes that the generating firms have no capacity constraints,
meaning that the model cannot take account of the relative ‘size’ of the PGCs. From running some sample instances
we found the linear SFE to be very close to competitive marginal-cost bidding—often with markups of less than
$1 over marginal cost. The reason the linear model yields such competitive outcomes is exactly due to the lack of
capacity constraints; because the model treats the multitude of smaller generators as having unbounded capacity,
the equilibrium solution turns out to be very competitive. Niu overcomes this shortcoming of the linear model by
only considering the four largest PGCs and ‘lumping’ the remaining the PGCs into a fifth bidder. Thus the linear
model she uses sees only five capacity-unconstrained PGCs and yields bids with more sensible markups. The final
shortcoming of the linear model is that it does not allow PGCs to ‘hockey-stick’ their bids. We mentioned that this
behavior is prevalent in the offer curves of most all the PGCs, and we would like to capture such nonlinear supply
functions in our model.

In their original paper, Klemperer and Meyer show that if the demand shock, €, has an unbounded support,
then there will be a unique set of supply functions solving the governing differential equations and satisfying the
second-order optimality conditions. Although this assumption has the attractive advantage of allowing for a unique
equilibrium with general-form supply functions, the unbounded support assumption is rather tenuous in a balancing
market which normally dispatches less than 5% of total electricity traded in ERCOT.

A more recent line of theoretical research in SFE has explored the use of capacity constraints and price caps,
which give an additional set of boundary conditions and yield unique equilibria. In a series of papers, Holmberg
(2004), (2005a), and (2005b) explores this technique with symmetric and asymmetric firms. His method essentially
amounts to assuming that the capacity constraints of the generators will be binding at the price cap and solves
for an equilibrium by integrating an expanding set of coupled differential equations backwards. This requires an
assumption that the support of demand shock is sufficiently high so as to exhaust the generating capacities of the
bidders with some positive probability. It also implicitly assumes that the bidders will want to ‘hockey-stick’ their
bids so as to reach the price cap when their capacity constraints are binding. Although we find the assumptions of
this model to fit the realities of the BES market well, the solution technique of solving a series of stiff differential
equations backwards is too computationally complex for us to feasibly run the model on our sample of 8160 bidding
periods. Anderson and Hu (2005) develop a unique SFE along the same lines, in which all but one firm reaches its
capacity limit prior to the price cap. Moreover, their model allows for general marginal cost and demand functions,
and they provide a tractable means of finding this equilibrium by formulating the problem as a complementarity
problem. Due to the soundness of their model’s assumptions and the relative simplicity of finding equilibria, we use
Anderson and Hu’s technique.

Although these supply function models can be applied to derive both Nash equilibrium inc and dec offers, we opt
to analyze only the inc part. The reason we make this restriction is because of our earlier finding in analyzing the
EOSFs that most PGCs (including Reliant and Calpine) bid their dec service with markdowns which are excessively
high and cannot be explained by our optimal response model. Furthermore, we restrict our equilibrium analysis to
the three largest PGCs: TXU, Reliant, and Calpine. We make this restriction both to make the problem tractable
and because of our earlier evidence suggesting that the smaller PGCs are not rational strategic players in the BES
market. The comparison of actual bids to EOSFs showed the smaller PGCs to be submitting bids far in excess of

what our model predicts, which acts to price their generation out of the BES market. If we include these firms as
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strategic players, our model would essentially conjecture that these firms are making rational offers which would make
each firm’s residual demand more elastic, thereby making the theoretical equilibria more competitive. Because our
analysis shows these smaller firms not to be acting in accordance with rational profit-maximizing behavior, we opt to
hold their bids as fixed at their actual offer curves in constructing the market demand function, D(p), and the residual
demand functions for the three strategic PGCs. In making these assumptions, we are essentially conjecturing that
the strategic PGCs account for the non-strategic behavior of the smaller PGCs in estimating their residual demand

function and calculating their supply function response to their strategic and non-strategic counterparts.

5.2 Derivation of Capacity-Constrained Nash Equilibrium Supply Functions®

The basic model has n capacity-constrained firms. Let ¢;(g;) be firm 4’s total cost function, which we assume to be
convex, differentiable, and non-negative, and let g; be firm 7’s generating capacity. We will assume that each firm
has a different initial marginal cost (which is true in our data set) and that they have been numbered such that
c1(0) < c4(0) < --- < ¢,(0). Again, we assume that demand is given by the function D(p,€) = D(p) + €, in which
D(p) is a deterministic function which is strictly decreasing, differentiable, and concave. The stochastic portion of
the demand, e, is again assumed to have support € € [€min, €maz], and we suppose that e is distributed according
to density function, f(€), which is strictly positive everywhere on this support. Finally, we assume that there is a
price cap on the market, P, and that prices are always non-negative (which they will be for inc energy). Although
Anderson and Hu’s model does not directly account for scheduled sales, we can incorporate them into the model
tot

by defining each firm’s generation quantity, g;, to be ¢; = ¢t°* — QP4, where ¢!

7°" is firm 4’s total generation. Thus,

¢; simply measures the amount of incremental energy sold above any sales contracted outside the BES, and the
contracted quantity, })A, simply shifts the ‘zero point’ of the marginal cost and supply functions.

We now state Anderson and Hu’s main uniqueness result, the details and proof of which are in their paper.

Theorem 5.1. If
—D(Cll (0)) < €min < _D(C;(O))a

then any supply function equilibrium is part of an ordered family, and only the lowest (smallest offered quantity at
any given price) can have the property that all but one of the firms reach their capacity limits prior to the mazimum

price.

The condition of the theorem simply means that at price ¢} (0) there is always some demand (even when € = €in,
but when the price reaches ¢} (0) there may not be. Another interpretation of the assumption is that at the minimum
shock there is a single economic supplier (i.e. the supplier with the lowest initial marginal cost).

Anderson and Hu’s technique to solve for an equilibrium is based on discretizing the demand shock and approx-
imating each firm’s supply function as being piecewise linear. Given a fixed positive integer, K, they assume the
demand shock can now take one of K discrete values € € {e1,€2, -+ ,€x}, with €min < €1 < €2 < -+ < ex < €maz-
They assume that when € = ¢, the MCPE will be py, where ), si(px) = D(px) + €&, each firm’s generation will
be ¢i.x = si(pr), and its supply function will have slope f;r = s;(pr) > 0. Next, they define for each firm a set of

points P; 1,Di2, - ,Pi,k—1 at which its piecewise linear supply function kinks. Thus, we can write each firm’s supply

8Because Anderson and Hu’s paper details their model, we only mention the underlying assumptions, state their main uniqueness

result, and discuss the technique used to solve for the equilibrium. Interested readers should consult their paper for complete details.
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function as:
gGig +Bin(p—pi1),  0<p<Pia
5i(0) = Gk +Bik(®—pik);  Pik—1 <P < Pik, k=2, , K ~1
¢ix + Bixk(P—pik), Pix1<p<Pp
where the p; j is the price that firm ¢ conjectures for when € = ¢;. With this piecewise linear form, we can now write

firm 4’s profit maximization problem as:

I})l?lii [D(pi,k) + €x — Z 85 (pi,i)Ipik — ci(D(pik) + €k — Z 8 (Pi,k))
K i J#i
st.0<pix<p
0< D(pis) + e — »_sipik) < T,
J#i
which gives a set of FONC for an optimum. When the FONC from all the firms’ profit-maximization problems are
assembled, and we impose the equilibrium condition, p1,x = P2y =--- = pn,kx = pr V k, that the firms all conjecture

the same price under each demand shock realization, we arrive at the following set of equilibrium conditions:

Gk — (P — C;'(Qi,k))(z Bik — D' (pr)) + Nijp — pik =0 Vi, k
J#i
Z%’,k = D(pk) + €k Vk
i

0<pr <P Vk

Qi k1 — Gk + Bikr1 (Pik — Prv1) + Bik(Pr — Pik) =0 Vik=1,--- ,K—1 (7)
Pk < Dik < Pr+1 Vi, k

Bik >0 Vi, k

0<qir L s >0 Vi, k

ik <7 L A >0 Vi, k,

where ;5 and A;; are Lagrange multipliers on the lower- and upper-bound capacity constraints, respectively.
Anderson and Hu then prove the following theorem, which we restate, showing that for K sufficiently large the

piecewise linear functions will well approximate the actual equilibrium.

Theorem 5.2. Let {s}(p)}7, be a supply function equilibrium on [0,p]. Then, for K large enough, there exists
a solution €y, Pr, Gik, Piks Niks Mik to the equilibrium conditions (7), such that D(py) + €x = Y, s;(pr), and
i = si(pr). Moreover B;, = st'(pr) for all but a finite number of k.

In order to solve for an equilibrium, Anderson and Hu formulate a mathematical program with equilibrium
constraints (MPEC) with the equilibrium conditions (7) as constraints. The difficulty in solving such an MPEC is
that the complementarity conditions between the capacity constraints and their Lagrange multipliers do not satisfy
constraint qualification conditions, making the problem difficult for standard solvers. They suggest overcoming this

issue by choosing p > 0 and relaxing the complementarity conditions so that:

Qi ki < P
(@ —air)die < p

20



One could then solve the MPEC by first solving the problem with a large starting value for p, and iterating by
reducing p and resolving the relaxed MPEC at each step until reaching a sufficiently-small final p.

Our implementation follows the Anderson and Hu method. For each bidding period we fit quadratic marginal
cost and demand functions to the actual data by method of least-squares. The capacity constraints, g;, are set
based on the actual quantity each PGC offers into the BES in that bidding period, as opposed to using the total
nameplate capacity of the generating units available to that PGC. We determine generating capacities from the
actual bids because our nameplate estimates do not account for resources being held for self-scheduled reserves,
ramping constraints on the amount of energy available, and other physical limitations. Moreover, if a PGC has
excess capacity available there is no rationale for physically withholding those resources from the BES, since it can
easily economically withhold the generation by submitting it with an excessively high offer. We set the lower-bound
of the support of the demand shock, €,:n, S0 as to satisfy the assumptions of Theorem 5.1. Although Anderson and
Hu’s simulations worked well using the CONOPT optimization package, the parameters of our fitted functions were
very poorly scaled and CONOPT could almost never find an initial feasible solution, even with our large starting
value of p. As such, we opted to use the filterSQP solver (details of the algorithm are available in Fletcher and Leyffer
(1999)), which performed much better, and attempted to solve the MPEC with a final p less than 10~°. Though the
equilibrium problem for each bidding period is feasible, the solver had difficulty with some instances in which the
function parameters and capacity constraints were particularly poorly scaled. Out of a total of 8160 bidding periods,
4297 converged with K = 10, another 1781 with K = 5, and 1518 with K = 3, leaving 564 instances which could
not converge. In all, 7596 instances or 93% of the total sample solved. Our econometric analysis includes only those
7596 instances which converged. Qualitative inspection of the cases we could not solve do not reveal any pattern

that is likely to bias our results.

5.3 Comparison of Actual Offers to Nash Equilibrium Supply Functions

In order to compare the actual offers to the Nash equilibria supply functions, we will again estimate the same
behavioral model used in analyzing the EOSF's, with specific reference to equation (4). Because we now wish to test
the extent to which the offers of the three strategic PGCs match our derived theoretical optima, we will estimate our
behavioral model both using the entire cross section of offers from the three PGCs and for each PGC individually.
Figure 6 shows two sample actual and Nash equilibrium offer curves for TXU from two different bidding periods.
In the left pane, we see that TXU’s actual offers are relatively close to its marginal generating costs, whereas its
Nash equilibrium supply function requires higher offer prices. The derived equilibrium also shows the nonlinear
shape of the Nash equilibrium supply function, which we would not be able to capture in a linear SFE model. In
the right pane, the actual and equilibrium offers match closely for imbalance quantities less than 600MW, but TXU
prices its inc offers above 600MW at higher than the equilibrium calls for. Figures 7 through 10 show our estimated
énp(g) and the 95% confidence interval. The second pane in the figures shows the same plot with the axes truncated
to show the estimates with greater granularity. Moreover, Table 6 summarizes the estimate and gives upper- and
lower-confidence interval bounds. Again, the &N p(q) estimator spikes at ¢ ~ 0 because of the extreme sensitivity of
the ¢ multiplier to errors when the imbalance quantity is close to zero.

As the figures show, while the gi;Np (q) estimator varies considerably across the supply stack, the ¢ = 1 line lies
within the confidence interval bounds in all four estimates. As such, we are unable to reject the null hypothesis that
dnp (¢) = 1. In fact the plots with the truncated axes show that while the éNp(q) estimator is not identically one,
it is nonetheless within a close neighborhood of one. Moreover, in comparison to the estimates of qup(q) from the
analysis of the EOSFs of the smaller PGCs, we see that the behavior of the three major PGCs are better predicted
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Figure 6: Actual and Nash Equilibrium Offers Example
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by a Nash supply function equilibrium than by a EOSF. Given the large magnitude of the qSNp(q) estimator for
low values of ¢ and the corresponding wide variance bands, however, the predictions of the SFE model are highly
sensitive to miscalculations on the part of the PGCs or the economist applying the theory. Nonetheless, other spot
market analyses, such as Niu’s, suggest that precisely pinpointing the bidding behavior of the firms is not crucial
in determining price outcomes of the market. Although there are efficiency and profit consequences from irrational
behavior of the smaller PGCs, if one’s primary concern is the price of balancing energy, then the SFE model performs
admirably with regard to incremental energy—with Niu’s estimates showing actual inc prices to on average be within
3.9% of linear SFE predictions. Moreover, the fact that she restricted herself to a linear SFE model suggests that
nonlinear supply functions may not even be necessary to predict market price outcomes. The reason a linear model
may be sufficient is that the BES will rarely exhaust the supply of the PGCs, as such the ‘hockey-sticked’ portion of
the supply stacks rarely set the MCPE. Although there tends to be a large disparity between predicted and actual
dec prices, if the excessively low dec bids are due to operating costs and constraints not captured in our data, then

this is not necessarily a failing of the model.

6 Conclusion

The results of our analysis show that most bidders participating in the ERCOT BES do not act in accordance with
what is predicted by an optimal response model. This is characterized by them making offers with markups and
markdowns which are far in excess of that implied by our theoretically ex post-optimal supply functions. With smaller
power producers, municipalities, cooperatives, and cogenerators, we have explained this as a general reluctance to
participate in the BES. Amongst the large PGCs, TXU and Reliant’s behavior matched our theoretical optima most
closely. Calpine, the other large PGC, was found to be bidding with markups far greater than our model predicted,

although we have shown this to be due to exceedingly high markups in the first quarter of 2002—when we control
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Figure 9: Reliant’s Estimated Conduct Function
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Figure 10: Calpine’s Estimated Conduct Function
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Table 6: Summary Statistics of Conduct Functions
q ‘ 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Overall

<£Np(q) 17759  23.858  0.402 0.525 1.155 0.389 0.000 0.146 0.324 1.594 2.166
(7Np(q) 6333.9 4994 5.228 2.691 8.129 4.630 1.962 2.441 1.370 7.49 9.034

A

Lyp(q) | -2782.1 -451.68 -4.425 -1.640 -5.819 -3.851 -1.961 -2.149 -0.722 -4.302 -4.702

TXU

dnp(g) | 315.58 163.95 57.755 12313 2178  0.871  0.549  0.524  0.859 1216  1.352
Unp(q) | 1870.8 11202 66196 287.19 91.994 23.956 5.981 2971 4279 5374  4.014

A

Lyp(q) | -1239.6 -792.32 -546.45 -262.56 -87.638 -22.214 -4.882 -1.924 -2.562 -2.943 -1.310

Reliant

¢A>Np(q) 2.714 2.167 1.623 1.164 0.869 0.833 1.259 2.435 4.400 6.728 8.885
U'NP((]) 3L.757 18.738  15.465 13375 11.102  9.442 11.273 17796  26.321  32.48 34.647

Lyp(q) | -26.329 -14.404 -12.219 -11.047 -9.363 -7.776  -8.756  -12.927 -17.521 -19.024 -16.877

Calpine

(in(q) 25317 1908.4 1122.3 455.01 121.47 21.997 2.696 0.180 0.084 0.204 0.277
UNp(q) 7086.9 6840.5 5498.8 30329 1377.7 516.3 171.41  49.213 12.85 2.931 1.429
ﬁNp(q) -2023.5 -3023.6 -3254.3 -21229 -1134.8 -4723 -166.02 -48.852 -12.681 -2.522  -0.875

for the excessively high offers in the first quarter, Calpine’s offer behavior more closely matches that of Reliant.
When we incorporated capacity constraints into the model and restricted attention to the three strategic PGCs,
the actual offers were within a ballpark of the Nash equilibrium supply functions. Moreover our estimates showed
that we could not reject the null hypothesis that the actual observed behavior was statistically significantly different
from Nash. Thus our results suggest that an SFE model can well describe offer behavior in electricity spot markets,
although it is highly dependent on judicious application to firms we believe to be bidding strategically. Though the
model does not exactly predict the behavior of bidders, the fact that the three dominant players tend to set the
margin and bid in accordance with the model gives it a fair amount of power in predicting price outcomes. However,
SFE is considered an attractive model of spot electricity markets in part because it assumes a strategy space and
firm behavior which is reminiscent of the actual price/quantity offers submitted by generators. Yet in a sense, our
analysis suggests the one attractive point of SFE—its behavioral assumptions and predictions—tends to not be
in tune with the individual behavior patterns of a large segment of the market. This begs the question whether
complicated general-form SFE models, such as the one we employed, may simply be an overly complex model of the
market, which gives no better behavioral or price predictions than simpler linear SFE or even a more conventional

Cournot-type model.
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A Tables

Table 7: Firm Conduct Estimates for Ex Post-Optimal Bid Curves

q \ -1 0.8 -0.6 0.4 0.2 0 0.2 0.4 0.6 0.8 1
TXU

dnp(g) | 0410 0298 0155 0272 0712 1.247 0235  0.090 0.109  0.167  0.226

Unp(g) | 0446 0354 0185 0360 1443 2705  0.758  0.141  0.141  0.192  0.241

Lnyp(g) | 0373 0242 0125 0184  -0.020 -0.211 -0.288  0.037  0.077  0.141  0.210
Reliant Energy

dnp(q) | 38.888 22816 2.702  0.38  0.108  0.141  0.962  0.896  0.875  1.486  2.225

Unp(q) | 41.24 25758 4120 0.606  0.630 0936  1.548  1.169  1.107  1.843  2.697

Lnp(q) | 36.536 19.873 1.284  0.166  -0.413  -0.654  0.377 0.623  0.644  1.129  1.752
Calpine

dnp(g) | 37.851 22703 13.476 19.051 36.385 33.531 3.637  0.202  0.947  9.775  21.785

Unp(q) | 65.276 42197 20.046 24.974 62.567 88.293 23.714 3239  7.254  32.741 52.15

Lnp(g) | 10425 3208  6.907  13.127 10.203 -21.231 -16.441 -2.835 -5.360 -13.192 -8.580
Central Power and Light

dnp(q) | 6482 7086 8252  11.3 17.665 19.195 -17.738 -14.751 -10.479 -6.581  -4.454

Unp(g) | 9566  10.218 10.349 13.145 21.818 53.54  0.142  -8.226 -7.324 -4.197 -1.919

Lnp(g) | 3398 3954 6155  9.455 13511 -15.149 -35.618 -21.277 -13.634 -8.965 -6.990
City of San Antonio Public Service

dnp(g) | 2921 2481 2855  4.327  6.882  6.523  0.625 2498 5795  10.692 15.167

Unp(q) | 3158 2665 2996 4535  7.245 8634 2273 3700 6.896  12.342 16.916

Lnp(g) | 2684 2298 2715 4118  6.518  4.413  -1.023  1.297  4.693  9.042  13.419
City of Austin

dnp(g) | 12.192 6335 3536  4.263  7.896  20.122 30.647 25.85  23.646 27.333  33.879

Unp(q) | 12919 6935 3914 4858  10.346 36.898 56.852  46.089 40.105 40.209  44.359

Lyp(q) | 11466 5734 3158  3.668 5445  3.347 4442 5611  7.188  14.457 234
Lower Colorado River Authority

dnp(g) | 4908 4987 5450  7.100  9.099  7.459  -0.807 -0.949 -1.022 1.868  3.490

Unp(q) | 5680 5756 5994  7.749  10.118 9.776  1.595  0.487  0.534  5.689  6.993

Lyp(g) | 4135 4218 4906  6.451 8081 5142  -3.208 -2.386 -2.578 -1.954  -0.013
West Texas Utilities

dnp() | 8363 8122  10.655 19.319 31.167 19.712 -42.041 -30.326 -22.213 -14.949 -10.192

Unp(g) | 9878  9.188 12177 21.456 34.289 63.716 11.601 1.605 -1.858 -1.648  -1.222

Lnp(g) | 6.849  7.056  9.132  17.182 28.046 -24.293 -95.683 -62.256 -42.568 -28.249 -19.161

Continued on next page ...
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Table 7 — Continued

q | 1 0.8 0.6 04 0.2 0 0.2 0.4 0.6 0.8 1
Midlothian Energy

éNp(q) 86.959 69.883 50.416 430.98 1821 24159 1946.8 399.65 8.887 -0.184  -0.685

Unp(q) | 112.54 108.07 1235 772.12 2383.4 2839.3 2656.3 837.64 73.59 3.909 0.600

Lnp(g) | 61.375  31.693 -22.669 89.847 1258.6 1992.4 1237.4 -38.328 -55.815 -4.276  -1.971
Guadalupe Power Partners

dnp(q) | 13769 105.76 70.338 47.232 20287 846.16 216.07 16.876 3.274 27.155 116.1

Unp(q) | 15829 134.64 94.787 75534 27521 1014 363.75  59.314 16.801 44.643 142.09

Lyp(g) | 1171 76.871 45.889 18.929 130.52 678.32 68.399 -25.562 -10.254 9.666 90.106
Lamar Power Partners

qBNp(q) 3299.7 3054.2 11925 32.262 4.591 0.309 -5.148 -2.923 -1.416 -2.572 -3.773

Unp(q) | 3982.3 3860.8 1998.1 155.34 17.65 12.728  2.464 2.190 16.376  24.903  29.265

Lyp(q) | 2617 2247.7  386.89 -90.815 -8.469 -12.111 -12.759 -8.036 -19.208 -30.047 -36.811
Brazos Electric Power Cooperative

dnp(g) | 240.14  153.06 58.654 48951 63.833 89.879 11228 42427 7.619 48.723  63.835

Unp(q) | 258.63 181.44 73.436 60.235 79.14 125.89 396.89  135.58 98.954 254.29 134.97

Lnp(g) | 221.65 12469 43871 37.667 48527 53.872 -172.32 -50.732 -83.716 -156.85 -7.299
Sweeny Cogeneration General

dnp(q) | 72132 65.248  80.056 120.92 150.36 -51.798 -165.05 -92.266 -60.122 -46.99  -35.291

Unp(q) | 79.296 68959 82.617 12559 155.95 -1.311 -147.21 -85.501 -56.175 -42.795 -33.075

Lyp(g) | 64.968 61.537 77.496 116.25 144.77 -102.28 -182.88 -99.03  -64.07 -51.184 -37.506
Hays Energy

qASNp(q) 74.401 66.108 146.38 1533.8 3752.1 4255 3844.9 1901.2 14579 -0.411 -1.911

Unp(q) | 87.246 95471 429.08 2459.3 4700.6 4853.1 49253 3353.2 611.45 35.956 1.182

Lnp(q) | 61.555 36.745 -136.32 608.33 2803.5 3656.9 2764.5 449.21 -319.88 -36.777 -5.004
Tractabel Power

dnplq) | 408.7 371.92  375.67 2284 6403.9 7618.7 4249.3 482.14 -2.531  0.828 15.847

Unp(q) | 435.56 436.93 857.9 3659.5 7767.1 8616.1 5486 925.11 51.921 9.2552  25.917

Lnp(g) | 381.84 306.92 -106.55 908.48 5040.7 6621.2 3012.6 39.171 -56.983 -7.598  5.777
Ingleside

qBNp(q) 659.66 150.31 23.786 13.834 16.168 0.215 -10.786 -6.120 -3.263  -3.647 -7.976

(7NP(C1) 832.64 229.6 46.04 20.423 17.632 6.556 -8.541 -5.28 -2.520 -1.771 -4.856

Lnp(g) | 48669  71.031  1.531 7.245 14705 -6.125 -13.032 -6.959 -4.006 -5.522  -11.097
BP Energy

<Z)Np(q) 1139.1 73891 161.76 555.18 2267.4 24209 1036.4 135.6 21.412 201.92 396.49

Unp(q) | 1253.4 973.98 286.45 1024.2 3054 2862.9 1426.5 306.18 93.832 488.14 558.66

Lnp(g) | 1024.7  503.83 37.068 86.209 14809 1978.9 646.35 -34.976 -51.008 -84.299 234.33

Continued on next page ...
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Table 7 — Continued
q | 1 0.8 0.6 04 0.2 0 0.2 0.4 0.6 0.8 1

Bryan Texas Utilities

dnp(q) | 67.502 62.421 73.056 91.267 104.45 102.79 -29.111 -59.537 -40.866 -55.148 -73.723
Unp(q) | 73779 71937 84.456 105.14 1221  152.76 87.021 -1349 -5.718 -24.767 -60.958
Lnp(g) | 61.224 52906 61.656 77.391 86.809 52.814 -145.24 -105.58 -76.014 -85.529 -86.488

City of Garland

<Z>Np(q) 31.018 37.131 45934 60.541 72.503 44.056 -49.748 -38.466 -26.87 -21.353 -20.896
Unp(q) | 32217 38.807 47.866 63.218 77.552 75.353 -35.201 -31.337 -20.741 -14.073 -16.523
Lyp(q) | 29.818 35455 44.002 57.865 67.454 12.76 -64.295 -45.595 -32.998 -28.634 -25.269

Rio Nogales Power Project

onp(q) | 130.25 14026 184.3  272.66 361.84 327.53 59.127 -7.509 -8.773 -6.187  -5.346
Unp(g) | 161.52  173.00 230.04 341.29 469.88 527.04 153.7 15574 -0.317 -0.750  -0.327
Lnp(g) | 98.985 10743 138.56 204.03 253.79 128.02 -35.448 -30.593 -17.229 -11.624 -10.364

Tenaska Gateway Partners

énp(q) | 23603 10.066 6.707  7.232 102 1.885  -12.027 -5.519 -2.280 -0.755  -2.377
Unp(q) | 26,747 1204  7.684 8035  11.051 4.790  -10.427 -3.987 -0457 2369  -1.174
Inp(g) | 20459 8.093 5729 6429  9.349  -1.021 -13.627 -7.051 -4.121 -3.879  -3.579

Cogeneration Lyondell

dnp(g) | 33.909 41682 37.625 57.343  165.75 238.03 36.914 -8.322 1.543  156.63 231.86
Unp(q) | 3484 37669 117.34 73.837 210.66 324.32 87.83  -2.745 17.484 223.97 294.08
Lyp(q) | -280.58 -293.32 -42.089 40.848 120.84 151.74 -14.002 -13.899 -14.399 89.291  169.64

Bastrop Energy Partners

qASNp(q) 7107.2  6968.4 5388 719.98  8.163 -2.980 11.014 12.234 4.586 -0.562  -1.916
Unp(q) | 81777 8103.8 6670.1 14019 135.12 15.845 21.962 36.881 71.695 97.758 107.94
Lyp(q) | 6036.6 5833 41059 38.038 -118.79 -21.804 0.067 -12.413 -62.524 -98.883 -111.78

Mirant Wichita Falls Management

&Np(q) 1900.4 1652 1272.6  902.76 646.16 485.1 362.01  193.97 76.32 73.529 84.1
ﬁNP(Q) 2366.5 24183 2093.3 1580.4 1191.5 1103.7 1320.8 591.04 256.6 191.43  147.37
Lyp(q) | 1434.3 885.67 451.88 225.14 100.81 -133.51 -596.79 -203.11 -103.96 -44.377 20.826

South Texas Electric Cooperative

dnp(q) | 24667 22342 26199 38441 51649 581.31 119.56 -46.411 -46.736 -70.477 -75.031
Unvp(g) | 2809  266.41 284.11 409.09 554.71 711.57 306.58 -9.351 -11.376 -46.834 -62.865
Lnp(q) | 21244 180.44 239.87 359.74 478.26 451.05 -67.468 -83.472 -82.095 -94.121 -87.197

Brownsville Public Utility Board

<Z)Np(q) 1291.8 554.13 74.277 79159 5.0634 4.4561 0.61217 -1.313 -1.961 -8.626  -17.122
Unp(q) | 1699.7 851.84 17892 28.581 11.426 7.055 1.767 -0.237  1.075 0.720 -6.346
ﬁNp(q) 883.83  256.42 -30.363 -12.749 -1.299  1.857 -0.543  -2.389  -4.997  -17.972 -27.898

Continued on next page ...
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Table 7 — Continued

q | 1 0.8 0.6 04 0.2 0 0.2 0.4 0.6 0.8 1
AES Deepwater
éNp(q) 48.884 48.884 48.884 48.885 49.378 316.22 585.6 586.1 586.1 586.1 586.1
UNP(Q) 72.919 74573 80.243  92.525 117.53 587.56 791.82 719.64 682.07 664.71 659.65
f,NP(Q) 24.849 23.196 17.525 5.244 -18.773 44.893 379.37  452.56 490.14 507.49 512.55
Gregory Power Partners
<Z>Np(q) 71.079 73.507 114.15 140.83 126.88 24.593 -33.78  -18.166 -5.669  2.490 2.893
Unp(q) | 78674 84.024 137.63 166.58 160.98 79.681 -1.816 -6.3 6.169 19.022 18.114
Lyp(g) | 63.485  62.991  90.674 115.08 92.787 -30.495 -65.744 -30.032 -17.506 -14.041 -12.329
Extex Laporte
qup(q) 253.88 235.31 151.71 16.094 1.523 1.564 2.230 3.197 3.982 3.996 3.792
UNP(Q) 343.13 575.13 600.84 187.94 45.69 7.981 3.309 3.932 4.482 4.545 4.186
Lyp(q) | 164.62 -104.51 -297.41 -155.75 -42.643 -4.853  1.151 2.462 3.482 3.447 3.398
Denton Municipal Electric
&Np(q) 85.735 63.219 42.33 53.15 89.583 153.19 197.96 509.23 3021.7 4885.7 5285.9
UNP(Q) 92.863 82.649 59.818 89.571 153.93 434.32 T713.13 1365.7 4441.7 6735.6 5592.3
f,Np(q) 78.606  43.79 24.842 16.728 25.239 -127.94 -317.21 -347.29 1601.7 30359 4979.6
Air Liquide
dnp(q) | 644.11  613.1 652.72 921.92 1362.3 651.69 42.235 -18.553 -10.483 -16.994 -26.711
Unp(g) | 709.21  700.35 793.14 1179.2 1863.3 1047.2 167.52 8.163 -4.304  -10.769 -19.871
ﬁNp(q) 579.01 525.85 512.29 664.67 861.4 256.19 -83.046 -45.269 -16.663 -23.22  -33.552
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