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Abstract

High-utility itemset mining discovers profitable patterns, closed high-utility itemset mining
compresses redundant high-utility outputs, and high-occupancy itemset mining captures patterns
that dominate the transactions in which they appear. These objectives have usually been studied
separately. This paper studies Closed High-Utility Occupancy Itemset Mining (CHUOIM), where
a valid pattern must simultaneously satisfy minimum support, minimum absolute utility, minimum
classical average occupancy, and support-closure. We introduce CHUO-Miner, a vertical COU-list
algorithm that combines exact utility accounting, reciprocal transaction-length occupancy accounting,
remaining-utility pruning, an occupancy-envelope upper bound, backward closure pruning, forward
closure jumping, and lossless CHUO-signatures. Experiments on Foodmart, Liquor, and Chainstore
show that CHUO-Miner produces compact closed hybrid representatives across diverse thresholds.
Compared with EFIM, CHUI-Miner, and EFIM-Closed, it reduces output size by orders of magnitude
and avoids timeouts on Chainstore. Compared with MHOUI, it is slower but solves a stricter problem
by returning support-closed representatives with reconstructable support-equivalent subpatterns.

Keywords: high-utility itemset mining; closed itemset mining; occupancy mining; utility occupancy;
CHUI; HUIM; compact pattern representation.

1 Introduction

High-utility itemset mining (HUIM) focuses on absolute utility and is effective for discovering profitable
itemsets. Algorithms such as Two-Phase, HUI-Miner, FHM, and EFIM introduced transaction-weighted
utilization, utility-lists, co-occurrence pruning, projection, and transaction merging to make this task
practical [1, 2, 3, 4]. A separate line of work studies closed high-utility itemsets (CHUIs), where
closed representatives compactly describe support-equivalent utility patterns [5]. Occupancy mining
asks whether a pattern occupies a large fraction of the transactions in which it occurs [6]. Related
utility-occupancy work such as HUOPM uses the ratio between itemset utility and transaction utility,
which is different from classical item-count occupancy [7].

These families leave a hybrid gap. A profitable pattern may occupy only a tiny structural portion of
each basket. A high-occupancy pattern may be unprofitable. A closed high-utility pattern may still ignore
occupancy. A utility-occupancy pattern may optimize a ratio but not absolute profit. This paper formalizes
a stricter mining target: itemsets that are high utility, high classical occupancy, and support-closed.

The contribution is threefold:

* We define Closed High-Utility Occupancy Itemsets (CHUOISs) using support, absolute utility,
classical average occupancy, and support-closure.

* We show that within a support-equivalence class, the closure is the Pareto-maximum representative
for both utility and classical occupancy under positive utilities.

* We implement and evaluate CHUO-Miner, a vertical algorithm with COU-lists, remaining-utility
pruning, occupancy-envelope pruning, closure jumping, closure hashing, and CHUO-signature
reconstruction.



2 Problem Formulation

Let D = {11, ...,T,} be a positive-utility transaction database over item universe Z. Each item i € T},
has positive utility u(, T;). For an itemset X, define

M(X)={T,€D| X CT}}, sup(X)=[T(X)|.

wX)= > Y uli,T,).

T,eN(X)i€X

The utility of X is

Unlike HUOPM-style utility occupancy, CHUOIM uses classical item-count occupancy:

1 RS
aocc(X) = Z —.
wp(X) 2 1T,

Definition 1 (High-Utility Occupancy Itemset). Given minimum support o, minimum utility u, and
minimum occupancy (3, an itemset X # () is a high-utility occupancy itemset if

sup(X) > o, w(X) > u, aocc(X) > B.
The set of all such itemsets is denoted HUOL(D, o, p, ).

Support-equivalence is defined by identical supporting transaction sets:
X=Y << I'X)=I().

The support-closure of X is

AXx)= () T
)

Ter(X

Definition 2 (Closed High-Utility Occupancy Itemset). An itemset X is a CHUOI if
X € HUOI(D,o,pu,B) and cl(X) = X.

Theorem 1 (Closure Maximizes the Hybrid Profile). For any itemset X, let C = cl(X). Under positive
utilities,
sup(C) = sup(X), u(C) > u(X), aocc(C) > aocc(X).

If C # X, the utility and occupancy inequalities are strict.

Proof. Closure preserves the supporting transaction set, hence support is unchanged. Since C' O X,
every supporting transaction contributes all items in X plus positive-utility items from C \ X, so
u(C) > u(X). The occupancy denominator |7} | is unchanged while the numerator increases from | X|
to |C, so aocc(C') > aocc(X). Strictness follows from positive utility and |C| > | X|. O

Corollary 1 (Lossless Closed Hybrid Representation). Every feasible X € HUOI(D, o, y1, 3) maps to a
unique closed representative C' = cl(X) € CHUOI(D, o, i1, ).

For lossless reconstruction of support-equivalent subpatterns, CHUO-Miner stores a CHUO-signature
for each emitted C:

I(C) = (C,sup(C), R, {Ve (i) ieo)

where

For every A C C such that cl(4) = C,

u(A) =Y Vo(i),  aocc(A) =

€A




3 CHUO-Miner

CHUO-Miner is a vertical depth-first miner. Its central structure is the COU-list. For a pattern X, each
supporting transaction contributes one entry:

e = (tid, pos, iu, ru, rc,invlen),

where iu = u(X,T), ru is the remaining utility after the last item position, ¢ is the remaining extension
count, and invlen = 1/|T|. From a COU-list Lx,

sup(X) = |Lx]|, u(X) = Z e.iu,

ecLx

> ecly €invien
[ Lx]|

RUU(X) = Z (e.iu + e.ru), aocc(X) = | X]|

ecLx

3.1 Pruning Bounds

At the root, CHUO-Miner removes items with support below ¢ or TWU below p. During search, two
upper bounds are used.

Theorem 2 (Remaining Utility Upper Bound). For any descendantY 2O X,
u(Y) < RUU(X).
Theorem 3 (Occupancy Envelope Upper Bound). For each e € Lx, define
Ae = (| X| + e.rc)e.invien.

Let A1) 2 -+ 2 N\(Lx|)- For every descendant Y 2 X with support at least o,
1 g
Y) < B(X)=— A5
aoce(Y) < OUB(X) = — J§:1: o)

Thus a branch is pruned if either RUU(X) < por OUB(X) < /.

3.2 Closure Handling

Closure is support-based. CHUO-Miner materializes singleton TID bitsets and lazily materializes node
bitsets. If a prior item z has
sup(X U {z}) = sup(X),

then X has a backward extension and the subtree is pruned. If a suffix item has the same support as X,
CHUO-Miner performs forward closure jumping and inserts the item into the current representative. A
closure hash keyed by a TID-bitset fingerprint prevents duplicate support classes.



Algorithm 1 CHUO-Miner

Require: Positive utility database D, support o, utility u, occupancy (3
1: Compute support, TWU, transaction utility, and transaction length

2: Remove items with support < o or TWU < p
3: Sort items by ascending support, ascending TWU, and item id
4: Rewrite transactions and build singleton COU-lists and singleton bitsets
5: for each extension item ¢ do
6: Y « X U{i}, Ly «+ JOINCOU(Ly, L;)
7. if |Ly| < o or RUU(Y) < por OUB(Y) < [ then
8: continue
9: endif
10:  if HASBACKWARDEXTENSION(Y)) then
11: continue
12:  end if
13:  Apply forward closure jumping for same-support suffix items
14:  ifu(Y) > pand aocc(Y) > 3 then
15: emit CHUO-signature
16:  end if
17:  Recurse on remaining suffix items
18: end for

4 Experimental Setup
The implementation is written in C99 and reports only final statistics. No mined itemsets are printed. We
compare CHUO-Miner against four baselines:

* MHOUI: high-occupancy utility mining, the closest hybrid utility-plus-occupancy baseline, but
not support-closed.

* CHUI-Miner: closed high-utility mining, support-closed but not occupancy-aware.
* EFIM-Closed: closed high-utility mining baseline.

* EFIM: high-utility itemset mining baseline, neither closed nor occupancy-aware.

Experiments use three utility datasets from the repository: Foodmart, Liquor_11, and Chainstore.
Each dataset is evaluated under three increasingly strict settings. Baselines that do not support occupancy
are run at the same utility threshold; MHOUI and CHUO-Miner use the same (o, i, 3). A 60-second
timeout is applied to each baseline run. Result files are stored as <algorithm>_<dataset>.txt;
all plots and the parsed CSV summary are stored in results/chuo_gl_grid/.

Table 1: Threshold grid used for the Q1-style comparison.

Dataset I o B8
500 0.0050 0.10
Foodmart 750 0.0060 0.15

1000 0.0075 0.20

2500 0.0150 0.25
Liquor_11 5000 0.0200 0.30
10000 0.0300 0.35

25000 0.0075 0.15
Chainstore 50000 0.0100 0.20
100000 0.0150 0.25




5 Experimental Results

5.1 Output Compactness

Table 2 reports output counts across all thresholds. CHUO-Miner consistently produces compact closed
hybrid representatives. Utility-only baselines produce orders of magnitude more patterns. On Foodmart at
the relaxed threshold, EFIM emits 231,904 itemsets and EFIM-Closed emits 73,659 closed HUIs, while
CHUO-Miner emits only 12 CHUOISs. On Liquor_11, CHUO-Miner emits 141, 28, and 13 CHUOIs as
thresholds become stricter; EFIM emits 162,086, 56,447, and 15,917 HUIs. Chainstore is the strongest
scalability case: CHUO-Miner and MHOUI finish all three settings, while CHUI-Miner, EFIM-Closed,
and EFIM timeout at every setting.

Table 2: Output counts over diverse thresholds. “TO” indicates a 60-second timeout.

Dataset Setting CHUO MHOUI CHUI EFIM-Closed EFIM

relaxed 12 12 30,479 73,659 231,904
Foodmart medium 1 1 19,082 72,341 227,550
strict 0 0 11,238 69,546 219,012
relaxed 141 130 17,510 TO 162,086
Liquor_11  medium 28 26 6,866 29,073 56,447
strict 13 13 2,422 9,608 15,917
relaxed 70 70 TO TO TO
Chainstore  medium 45 45 TO TO TO
strict 16 16 TO TO TO

(a) Foodmart (b) Liquor_11 (c) Chainstore

Figure 1: Output size comparison over threshold grids. The y-axis is logarithmic in the generated plots.

5.2 Runtime and Scalability

MHOUI is the fastest hybrid baseline because it does not compute support closures or CHUO-signatures.
CHUO-Miner is slower than MHOUI, but it solves the stricter closed hybrid task. Against CHUI-
Miner, EFIM-Closed, and EFIM, CHUO-Miner is substantially more scalable on the hybrid task. On
Chainstore, CHUO-Miner completes in 3.32, 3.01, and 2.36 seconds across the three settings, while all
three utility-only or closed-utility baselines timeout.



Table 3: Runtime in seconds over diverse thresholds.

Dataset Setting CHUO MHOUI CHUI EFIM-Closed EFIM

relaxed 0.003 0.002 2.944 0.199 0.235
Foodmart  medium 0.001 0.001 2.600 0.224 0.243
strict 0.001 0.001 1.910 0.290 0.362
relaxed 2.000 0.168 28.761 TO 53.187
Liquor_11  medium 2.274 0.154 14.848 46.107 21.202
strict 1.666 0.108 6.101 15.872 9.750
relaxed 3.316 0.965 TO TO TO
Chainstore  medium 3.006 0.792 TO TO TO
strict 2.356 0.819 TO TO TO

(a) Foodmart (b) Liquor_11 (c) Chainstore

Figure 2: Runtime comparison over threshold grids.

5.3 Memory and Result Footprint

CHUO-Miner requires more memory than MHOUTI on Chainstore because it stores singleton bitsets
and closure metadata. However, its result footprint is still compact and reconstructable. Compared with
EFIM and closed-utility baselines, CHUO-Miner avoids large result sets. On Foodmart at the relaxed
setting, CHUO-Miner’s estimated result disk footprint is 1,824 bytes, compared with 243,832 bytes for
CHUI-Miner, 589,272 bytes for EFIM-Closed, and 6,690,487 bytes for EFIM.

threshold grid:fiuorax _ Resultfootprint over threshold grid: chainstore

..... 00

(a) Foodmart (b) Liquor_11 (c) Chainstore

Figure 3: Estimated output footprint. CHUO-Miner stores closed hybrid signatures rather than all raw
HUIs.

5.4 Interpretation

The results show that CHUO-Miner is not simply a faster MHOUI variant. MHOUI wins on raw runtime
because it does not enforce support-closure or build lossless CHUO-signatures. CHUO-Miner’s advantage
is representational: it returns support-closed high-utility occupancy representatives and can reconstruct
support-equivalent redundant subpatterns through V- (7) and R¢. This makes CHUO-Miner better suited
for compact, interpretable, lossless hybrid pattern mining.

Against EFIM, CHUI-Miner, and EFIM-Closed, CHUO-Miner is clearly stronger for the proposed
task. These baselines either ignore occupancy, ignore closure, or both. Their output sizes are much



larger, and on Chainstore they fail to finish under the timeout while CHUO-Miner completes all threshold
settings.

6 Threats to Validity

The first threat is that MHOUI solves a nearby but different problem. It is the closest hybrid baseline, but
it does not provide support-closed representatives or CHUO-signatures. The second threat is that CHUI-
Miner, EFIM-Closed, and EFIM do not enforce occupancy; they are included to show how classical utility
and closed-utility outputs behave when used as parent-family baselines. The third threat is threshold
sensitivity, addressed here by evaluating three settings per dataset. The fourth threat is timeout selection;
a longer timeout could produce additional baseline results on Chainstore, but the observed timeouts still
indicate poor scalability under the tested setting.

7 Conclusion

This paper introduced CHUOIM and CHUO-Miner, a closed high-utility occupancy mining framework
based on support closure, absolute utility, classical average occupancy, and lossless CHUO-signatures.
The theoretical result is that closure is the Pareto-maximum representative of each support-equivalence
class for both utility and classical occupancy under positive utilities. The algorithmic result is a vertical
COU-list miner with RUU pruning, OUB pruning, backward closure pruning, forward closure jumping,
and closure hashing.

The diverse threshold-grid experiments show that CHUO-Miner produces compact closed hybrid
representatives, scales on Chainstore where EFIM, EFIM-Closed, and CHUI-Miner timeout, and offers
stronger semantics than MHOUI at the cost of slower runtime. The honest conclusion is therefore precise:
MHOUI is faster, but CHUO-Miner is the stronger closed, compact, lossless hybrid representation.
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