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Abstract

In this work we introduce and study multiple properties and conditions re-
lated to the modeling of student knowledge in knowledge space theory (KST).
We begin by looking at a property called forgetting consistency, which en-
forces a systematic way of forgetting within a knowledge structure. Next,
we analyze in detail a concept we call positive knowledge correlation. This
concept postulates that knowing more should not make it less likely that
a student knows a particular concept. Among other things, we find that
satisfying positive knowledge correlation implies the knowledge structure is
closed under both union and intersection, and we also perform an empirical
evaluation to assess the validity of the property. Finally, in the context of an
adaptive assessment, we conclude with an analysis of the related concept of
a positively correlated updating rule.
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1. Introduction

Knowledge space theory (KST) is a mathematical model of knowledge
introduced by Doignon and Falmagne| (1985)). Since the time of its intro-
duction, it has been successfully used in many applications involving the
learning and assessment of knowledge (Cosyn et al., |2021; |de Chiusole et al.,
2020; Doble et al., 2019; |[Falmagne et al.| |2013}; [Falmagne and Doignon, 2011;
Hockemeyer et al. (1997 Lynch and Howlin, 2014). In this work we introduce
and examine the implications of multiple properties pertaining to knowledge
spaces and the modeling of student knowledge. We begin by looking at the



significance of a property we call forgetting consistency. This condition en-
forces a notion of forgetting within the knowledge space, and we show that—
in combination with one other condition—it implies the knowledge space is
closed under intersection. Next, we look at a more general concept we refer
to as positive knowledge correlation. The basic idea of positive knowledge
correlation is that knowing more should not make it less likely for a student
to know something else. We show that this property has fairly strong impli-
cations, as it implies that the knowledge structure is closed under both union
and intersection. Additionally, we give the results of an empirical study that
seemingly supports the concept of positive knowledge correlation. Finally, in
the context of an adaptive assessment, we conclude with a discussion of the
related concept of a positively correlated updating rule.

1.1. Background on Knowledge Space Theory

In this section we briefly introduce a few KST concepts that are necessary
for our subsequent work. Much of this follows the exposition in Falmagne
and Doignon! (2011)); thus, for a more thorough introduction to KST we refer
the reader there. We begin with the related notions of a knowledge structure
and a knowledge space.

Definition 1.1. A knowledge structure is a pair (Q,X) in which @ is a
nonempty set, and X is a family of subsets of (), containing at least @)
and the empty set @. The set ) is called the domain of the knowledge
structure. Its elements are referred to as questions or items and the subsets
in the family X are labeled (knowledge) states. Since UK = @, we shall
sometimes simply say that X is the knowledge structure when reference to
the underlying domain is not necessary. If a knowledge structure X is closed
under union, we say that X is a knowledge space.

In this work @ is always assumed to be a finite set—thus, as a conse-
quence all the knowledge structures we consider are also finite. Motivated
by pedagogical assumptions, |(Cosyn and Uzun| (2009)) introduced two axioms
that define a learning space, a specific type of knowledge structure.

Definition 1.2. A knowledge structure (@, X) is called a learning space if
it satisfies the following conditions.

[LS] Learning smoothness. For any two states K, L such that K C L,
there exists a finite chain of states

K:K()CKlC"'CKp:L
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such that |K; \ K;_1|=1for 1 <i<pandso |L\K|=p.
[LC] Learning consistency. If K, L are two states satisfying K C L and ¢
is an item such that K U {¢} € X, then LU {¢} € X.

A useful concept associated with knowledge structures is well-gradedness,
which we define as in Doignon and Falmagne, (1997)).

Definition 1.3. Let A denote the standard symmetric difference between
sets. Then, a family of sets F is well-graded if for any A, B € F with
|AAB| = n, there exists a finite sequence of sets A = Ko, Ky,...,K, = B
in F such that |K; ;AK;| = 1,i = 1,...,n. The sequence of sets A =
Ky, Ky, ..., K, = B satisfying these conditions is called a tight path between
A and B.

A notable result from Cosyn and Uzun (2009) showed that a learning
space is equivalent to a well-graded union-closed family.

Theorem 1.4 (Cosyn and Uzun). Let F be a family of sets containing the
empty set. Then, F is well-graded and union-closed if and only if [LS] and
[LC] are satisfied. In other words, well-graded union-closed families of sets
are characterized by the axioms [LS] and [LC].

2. Forgetting in KST

As the historic focus of KST has been on the learning process, relatively
less attention has been paid to the concept of forgetting. In particular,
the Ebbinghaus forgetting curve (Averell and Heathcote, |2011; [Ebbinghaus,
1913) is a model that represents the decay of knowledge over time. Recent
empirical research on the ALEKS system has shown numerous examples of
forgetting curves in the context of an actual implementation of KST (Cosyn
et al. [2021; Matayoshi et al., 2018| 2019, 2020, 2022)). Motivated by these
results, we introduce the following condition for forgetting within a knowledge
space.

Definition 2.1. [FC] Forgetting consistency. If K, L are two states satisfying
K C L and ¢ is an item such that L\ {¢} € K, then K \ {¢} € X.

Note that [FC] is, in a sense, analogous to [LC], the learning consistency
condition. However, while learning consistency ensures that a student who
knows more is always able to learn the same as a student who knows less,
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forgetting consistency ensures that a student who knows less is able to forget
the same knowledge as a student who knows more. In other words, if a
student who knows more is able to “forget” item ¢, it seems plausible that a
student with less knowledge is able to forget ¢ as well. Our next result shows
that a knowledge structure satisfying [LS] and [FC] is well-graded and closed
under intersection.

Theorem 2.2. Let X be a knowledge structure satisfying [LS] and [FC].
Then, X is well-graded and closed under intersection.

Proof. Let K, L € X. We first show that K N L € X. By [LS], there exists a
tight path from K to () = UK given by

K=KyCKi=KU{k}C---

C Kn—l = Ku{kla"'ykn—l} C Q - Kn = Ku{kla"'7kn}a (21)
where n = |Q \ K|. Consider k, € K, \ K,_1. By [FC] we have that
L\{k,} € X,as L C K,, = Q and K, \ {k,} = K,,—1 € X. Then, applying a
similar procedure with k,,_; € K,,_1\ K,,_», it follows that L\ {k,_1,k,} € K.
Iteratively applying this procedure a total of n times, we end with M =
L \ {kl,kg, .. -akn—lakn} S IK‘, where each k’z S Kz \ Ki—l for ¢ = ]_, e, .
Note that since {k1, ks, ...,k 1,k } = Q \ K, we have that

M = L\{klak% .- ')kn—lakn}
=L\ (Q\K)
=L\ (L\K)
=KNL.

Thus, K N L € K, and it follows that X is closed under intersection.
We next show that a tight path exists from K to L. To start, consider
the sequence from K to K N L given by

K:A()DAl:L\{al}D
DA, = L\{al,...,am_l} D) L\{al,...,am_l,am} =KNL, (22)
where m = |K \ L|; note this sequence exists since [LS] holds for K. Next,
we can define an analogous sequence from L to K N L as
DB, 1= L\{bl,...,bn_l} D L\{bla---ybn—labn} =KnNL, (23)



where n = |L \ K|; as before, this sequence exists since K satisfies [LS].
Concatenating these two sequences, we now have a sequence from K to L of
length m +n = |KALJ, and the well-gradedness of X then follows. O

Combining Theorem with Theorem [[.4] we immediately get the fol-
lowing.

Corollary 2.3. Let X be a knowledge structure satisfying [LS], [LC], and
[FC]. Then, X is a well-graded knowledge structure that is closed under union
and intersection.

3. Positive Knowledge Correlation

In Section [2| we introduced forgetting consistency, which is analogous
to the learning consistency condition that is required of a learning space.
Our next goal is to develop a set of conditions that we refer to as positive
knowledge correlation. In what follows, we assume that, for a set of items
@, we have a probability distribution on P(Q), the power set of ). This
probability distribution might represent the distribution of the states in a
knowledge structure, with this distribution being derived from some reference
population of students. Or, as another example, the probability distribution
could represent the uncertainty around a particular student’s knowledge state
during a KST-based assessment.

The main idea behind the concept of positive knowledge correlation is that
knowing more should make it more likely—or, at the very least, it should not
make it less likely—that a student knows a particular item g. Conversely,
knowing less should make it less likely—or, at the very least, it should not
make it more likely—that a student knows an item ¢g. As we discuss in more
detail in the next subsection, in some sense these conditions can be viewed
as probabilistic analogues of learning and forgetting consistency.

3.1. Conditions for Positive Knowledge Correlation
We begin with the following definition.

Definition 3.1. For a nonempty set of items @, let P be a probability
distribution on P(Q), the power set of (). Define the set family

Kp={K CQ|P(K)>0}. (3.1)

If P(@) > 0and P(Q) > 0, it follows that (Q,XKp) is a knowledge structure;
in such a case, we say it is the knowledge structure induced by P.



We note that, as defined above, Kp is also sometimes referred to as the
support of P (see, for example, Definition 14.2.2 in |Falmagne and Doignon,
2011). Next, in what follows we need to make use of the following standard
definitions from order theory.

Definition 3.2. Let (Q be a set of items. For a set A C @, the upper closure
of A is defined as

{BCQ|ACBj, (3:2)
while the lower closure of A is given by
{BCQ|BCAY}. (3.3)

The next definition gives us a convenient way of representing sets of items
that are known or not known.

Definition 3.3. Let @ be a set of items. For a set A C Q let I} be the
upper closure of A and I, be the lower closure of A¢; that is,

It ={BCQ|AC B} (3.4)
and

Iy ={BCQ|BC A%}
={BCQ|ANB=go}. (3.5)
Plainly speaking, | consists of all the sets that contain all the items from
A; intuitively, these are the sets where all the items in A are known. Then,
I'y consists of all the sets containing no items from A; in this case, these are
the sets where none of the items in A are known.
Given a family F C P(Q), we next define
0 if F is empty,
P(3) = Z P(K) otherwise. (3.6)
KeF
Using the above definition, for A, B,C C @, if ZKeIgng P(K) >0 we can
compute
P(IfnIfinliy)
P(IfnlIg)
_ ZKte‘mlgmg P(K)
ZKelgmlg P (K)

P(I7| 15, 15) =




That is, P (Ij{ ‘ It I; ) is the conditional probability of knowing the items
in A, given that all the items in B are known and none of the items in C' are
known.

With these definitions in hand, we are now ready to introduce the concept
of positive knowledge correlation.

Definition 3.4. Let ) be a set of items and P be a probability distribution
on P(Q). Let ¢q,r € @ and B,C C Q. Suppose that

P (1

+ |7t — + |7+ 7=
| oy 16) = P (1| 160 10) (3.8)
whenever P (Igu{r} N Ig) > 0. In such a case, we say that P satisfies the

property of positive knowledge correlation.

In words, (3.8)) says that, compared to knowing only the items in B,
knowing all the items in B U {r} should not decrease the probability of

knowing ¢. Also, notice that by requiring P (Igu{r} N Ig) > 0 it implicitly
follows that P (17 N I;) > 0 as well. To see this, observe that IEU{T} NnI; C
It N I5, which implies that

P(I5015) 2 P (I N1G) > 0.

As such, both conditional probabilities in are well-defined. Note that
we use requirements of a similar form for many of our subsequent results.

Our next result shows that, if we assume the relevant conditional prob-
abilities are all well-defined, the property of positive knowledge correlation
can be formulated in several equivalent ways.

Theorem 3.5. Let Q, P, ¢, r, B, and C be as in Definition [3.4 Assume
that P (I, N1g) > 0 and P (15015, ) > 0. Then, the following
inequalities are all equivalent.

i P (15, ‘ Loy 16) 2 P (Ify ) 15,15)

(i) P (I | T Tou ) < P (I | 15.16)



cee — Jr
(iii) P (I{q} ‘ 17,

(iv) P (I{q}

I(;U{T}) > P (1{;} ‘ Jg,fg)

Ty 1) < P (1 | 1512

Proof.
[0)] = [Gi)i
We have
+ + - =
ol e ) P (1, Iy, nis)
({q}‘ . CU{T}> - p(rEnIo NI
< By c>
+ + T + + + T
P([gml{;}mIC?)
+ + AT + |7+ — + + 7=
P (g nibniz) = P (1l | ey 10) - P (15 n 10 1)
P(Igml{;}mla
+ + T + |+ o7 + + T
P (I{q} NN [C> e (1{q} ]B,IC> P <I{T} NI [C)
P(Igml{;}mla



where the inequality in the last line follows from . Next, we have

B Py niinic) - p (I{*q}‘lg,@) P(IFNI;)-P (I{J;,}‘IE,I(;)
P(Igﬂ[{;}ﬂ@)
+ + T + + T + |7+ 7=

P (Ig NI,y N Ig)

1= P (Ify | 15 12)
=P (I niinic) v
P <I§ NI, m[g)
1= P (18| 15.15)
=P (1fy| 15 12) e
q} _ + 7=
P (1{T} IB,IC>
_ + |7+ 7=
—p (I{q} IB,IC> .
[GD)] =[Gk
Starting from we have
+ |+ - + |+ -
P (L | T Toos) < P (I | 15.15)
e 1-P <I{q} IB,ICU{T}> <1-P (I{q} IB,IC>
— P (I{q} ‘ I3, IC> <p <I{q} I3, [CU{T}> ,
as claimed.
(i) = [(iv)}



We have
+ + -
P (I, N0 I, N 1g)

It 1—):2
oty e f)(]j}rwf+rwl )

+ - +
_}DO'ﬂg}rub>—P<Ir7Q}mQ@ﬂI>

P (1 N0 i)
+ - — |+ - -
P01y n1g) = P (I | T Tou ) - P (50 15 0 1G)

f)([@}

)
+ — |+ g + -
P@’mq}mf> F%QQIEQJ PO’HQ}H%>

P(Q}ﬁ] mI) ’

P(F-m1+ml>

<

where the inequality in the last line follows from . Next, we have

P@*mgﬂmqj <{}M; ﬁ-Pugmqy-P@;Jg;@)

P(Q3m1 mI)

P(rgnigynig) - pP(1ni,niz)-P (I,
P(Q}ﬂ[ mI)
1 }’(15} Jg,f—)
P(Q}ﬁ[*ﬂ[)
1 f’([ Ig,ff)

Ig,l—)

Ig,f—)

:P(Igml{*q}mfg)

:’P(Q@

15,1*)

I I*).

{r}
+
[’(I{}

{ga}

(V)] = [0

}’<I
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Starting from we have

P <[{‘q} [gU{T},Ig) <P ([{-q} I§,Ig>
— 1-P <I{+q} Igu{r},@) <1-P (I{Z} 1;,15)
— P (1| 15.05) < P (1 | Ty 1)
as claimed. N

Theorem shows there are several equivalent ways to view the concept
of positive knowledge correlation. That is, while the formulation in |(i)|is in
terms of knowing more—analogous to the learning consistency condition—
the concept of positive knowledge correlation can also be viewed as a condi-
tion on knowing less, such as in Furthermore, analogous to forgetting
consistency, implies that knowing less should not lower the probability
of an item ¢ being unknown.

Notice that the inequalities listed in Definition and Theorem are
all stated in terms of the probability of knowing—or, not knowing—a single
item. Our next result shows that, perhaps surprisingly, the more general
case of knowing or not knowing groups of items is implied by these simpler
inequalities.

Theorem 3.6. Let ), P, ¢, and r be as in Definition (3.4 Furthermore,
let A, By, By, C; and C5 be subsets of () such that B; C By, C; C (Y,
P (I NIg) >0,and P (I} NIz ) > 0. Assume that Definition [3.4 holds.
Then, the following hold as well.

() P (14|15, 10,) = P (I3[ 15, 1c,)
(b) P (I3 [15,:1c,) < P (Iy | I, Ic,)
Proof.
() P (I3 |14, 1c,) = P (I [ I, 1c,):
To start, suppose P (I} NI} NIz ) = 0. Observe that
Iinig nig CIinIi NG
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and
NI nig CIinIinig,
from which it follows that
P (I3 |15, 1e,) = P (I3 [ 15, 1c,) = 0.

Next, assume P (I} N Iy ﬂ]gl) > 0. Let By \ By = {by,bs,...,b,} and
A ={ay,ay,...,a;}. Note that for any A" C A we have

IinIf nig CIinIfnlig,
which implies that
P(IynIfNIg)>P(IynIfnlig)>0. (3.9)

From (3.8) it then follows that

Jr —
P( b}‘[B’ ) ({b})Blu{alp )’

where both conditional probabilities are well-defined by [3.9) Repeatedly
applying (3.8) to a; through ay, we get

+ + - + + -
P <[{b1} IB1’ [C1> < P (I{b } [Blu{a1}7 [ )
+ + -
S P <[{b1} [Blu{al ag}’ [ )
+ + -
S P <I{b1} [Blu{al ..... ag}’ [Cl>
+ + —
= P (I |15 15, 12, ) -

where each of the conditional probabilities is well-defined by [3.9) We then
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have

P (1 |01k 16,) = P (1, | 1,0 16,)
P

_ (G niinmnig) P (Ih, 01N IG)
P(Iynifniz) —  P(gnl;)
P<I{+bl}ﬂfiﬂf}§1 ﬂfa) P(I;nINIg,)
- Py ntynig) — PUENIG)
— P <]2xL ‘ Iglu{b1}7]51> > P (I} |15, 15,) -

Applying a similar procedure to by through b, it follows that
P (I} |14, 16,) > P (15|15, 15,) - (3.10)

Next, let Cy \ C1 = {¢1, ¢, ..., ¢n}. Repeatedly applying (3.8)) gives

P (I | T te ) = 1= P (1| 15, 16,)
+ + -
Z 1-P <I{Cl} ]B1U{a1}’ ‘[Cl>
+ + -
Z 1 - P <I{C1} ]Blu{al,ag}’ ]Cl>
+ + -
Z 1 - P <I{Cl} ]Blu{al ..... ak}’ ]Cl>

— 1= P (1, |15 14 15,
= P (I | 1415 12,)

where each of the conditional probabilities is well-defined by [3.9, We then
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have

P (T [T 16) = P (1 | 14145, 15,)
— + —

- P (1}, m{c}m) P(Linthnig,nig,)
P (I NIg) P(I*m[+ Nnlig)
P(IiNILNIG) P(I*ﬂ[*ﬂ[*}ﬂ@l)

= T

P(IB1m[C1) P(I F‘II{_C}HI_1>
= P Ia) = P (1| 1 T )

Applying a similar procedure to ¢y through c,,, it follows that

Combining and we arrive at the claimed inequality (a):
P3| 15,0 1e,) = P (I3 | 15, 1e,) = P (L3 [ 15, 1c,) (3.12)

(0) P (I3 | 15, 10,) < P (I3 | Ih,, 1c,):
To start, suppose P (I, NI} N1z ) =0. Then,
IyNIg Nig CI;NIE NI
and
NI nig CI;NI; NI,
from which it follows that
P (I3 |15, 1e,) = P (Iy [ 15 1g,) = 0.

Next, assume P (I N Iy ﬂ]gl) > 0. Let By \ By = {by,bs,...,b,} and
A ={ay,ay,...,ar}. Note that for any A" C A we have

IiNIg Nig CIyNIf NI,
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which implies that
P(IynIfnlg)>P(I,NIfNI;) >0. (3.13)

From in Theorem it then follows that

P( {b } ‘ IEI’ Cl) > P < {b } ) IBl’ Clu{a1}>

where both conditional probabilities are well-defined by Repeatedly

applying in Theorem to ay through ay, we get

P<{b}‘I§,I )>P<I{+b}

+
> p (I{bl}

+
> p (I{bl}

+
—p (I{bl}

+ _
I By I(Jlu{al}>

+ _
‘[Bl ) ]ClU{al a2}>

-

]Bl’ CiU{ar,..., ak})

I§17IZ7[E1> ?

where each of the conditional probabilities is well-defined by [3.13] We then

have

P (1|15 16,) = P

I, ) I;gl,fg,fgl)

(
_ P(1Gynthnig) P (Ihy 0o niinig,)
P(If NnIg) - P nIynIg)
P(rpni;niz) P (fﬁ}m; niy ﬂfa)
— P (15, ﬂfa) P (14, N1 0 1G,)
A P (I |15, Ic ( ‘ Buugnye L >

Applying a similar procedure to by through b, it follows that

P (I |1, 16,) > P (11|15, 15,) -

15

(3.14)



Next, let Cy \ Cy = {c1,¢o,...,¢n}. Repeatedly applying from Theo-
rem [3.5] gives

P (I{_Cl}

Igl’ [El> P (I{_C]_} [Bl’ IglU{a1}>

P <[{ } ‘ [Bl7]51U{(l1 (12}>

_ P( o ‘ 131,15,151) ,

where each of the conditional probabilities is well-defined by [3.13] We then
have

P (I \fBﬂfcl)S( IR

P(ngm{—c ‘) P(Ig NI, ﬂf—ﬂf&)
<~
P (I} n1g,) P(IfnI;nlig)
P (I, nI;NIg,) P<1 m]{—c}mlgﬂIa)
= — <
P(Ij NIg,) P(IfnI,, NI;
{e} O
RN P(I;‘]El,fa) §P<1A‘IB17I(;1U{C1}>

Applying a similar procedure to ¢y through c,,, it follows that

P (I |If . 1g) < P(I; | If,.1g,) - (3.15)

Combining and we arrive at the claimed inequality (b):
P(Iy|If,.1c) < P Iy | I, Ic,) < P (14| If,. 1c,) - (3.16)
m

In a sense, positive knowledge correlation can be interpreted as a prob-
abilistic analogue of [LC], the learning consistency condition, and [FC]|, the
forgetting consistency condition. Recall that the learning consistency con-
dition postulates that knowing more does not prevent the learning of some-
thing new. In comparison, positive knowledge correlation can be interpreted
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as saying that knowing more does not make knowing something else less
likely. Then, as the forgetting consistency condition postulates that knowing
less does not prevent the forgetting of something already learned, positive
knowledge correlation says that knowing less makes it less likely that some-
thing else is known. To help us formalize these ideas, we next introduce the
following conditions, which can be thought of as slightly weaker versions of
the property of positive knowledge correlation.

Definition 3.7. Let () be a set of items and P be a probability distribution
on P(Q)). We define the following two conditions.

3(a) For any g € @ and B,C C @, where C' # &, we have
+ |7+ 7= + | 7=
P (1, ‘ I 15) = P (1, ( I5). (3.17)
whenever the conditional probabilities are well-defined.

3(b) For any ¢ € @ and B,C C @, where B # &, we have

+
P (I {a)

I;g,lg) <P (I{f]}

1;) , (3.18)
whenever the conditional probabilities are well-defined.

The formulation in Theoremmakes it clear that both andfol—
low directly from the property of positive knowledge correlation—however, as
these new conditions are similar in form to the inequalities in Definition [3.4]
it’s not completely clear that they are weaker properties. To show this is in
fact the case, we next give examples where and are satisfied, but
positive knowledge correlation fails to hold.

Example 3.8. For Q = {z,y,2z} and 0 < a < %, consider the following
probability distribution P on P(Q).

1

P(fa) = P({sh) = ¢ +a P({z}) = a
PUr =Py =5 -a  Plry)=;-o
Pz, 2)) = a P(@):;L—oc
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Note that, as the states correspond to the power set of {z,y, 2}, K = Kp is
closed under both union and intersection.

o =~ Definition [3.4}
Starting with , note that the following inequalities all hold when o < %
2 8 1
+ + _ - _ = - + -
P<1{x} ]{y}J{z}) 5 3423 —P(I{z} ]z}>
P(ﬁ I I- )—2—§a>1—P(F I )
{v} | H=p 7{z} 3 3 T 9 {v} | {2}
1
+ _ + |7
( {r} I{z}’l{y}> —8azo="P (I{x} I{y})
1 Ll
P( }) 1-8azo=P (I{y} I{m}>
1 1 .
P (I T i) = 5402 1= P (1] 1)
P 1 a > L_ P(If, I,
( > 2 T4 ( {z} {x})

(3.19)

Thus while we’ve now shown that - )| holds for a < %, notice that for
a < 1z we have

1
+ |+ ) = L +
P (1| 1) =da< =P (1

{z}

I, }) (3.20)

contradicting (3.8). Combining this result with the fact that is implied
by the property of positive knowledge correlation, we can now see that
is in fact the weaker condition.

° == Definition

We next turn to . Note that the following inequalities all hold when
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1 1
16 <a< 3
2 8 1
+ + _ - _ = - + +
P (I{x} I{yw[{z}) =g-3as3=" (I{x} [{y})
2 8 1
+ + _ - _ = - + +
P (f{y} ]{x}’f{z}> =g-zasz="r <I{y} I{x})
1
+ _ + |7+
P (I | 1y Iy ) =180 < 5 = P (1|11,
1
_ + |
P( (=} x}) 1- 5§—P(I{y} I{z})
1 L + |7+
P15 | Ty Ty = 5 - SZ—P(IM 1)
P U a<top(r |t
( ) 2 T T4 ( =} {y}>

(3.21)

Thus we have now shown that - )| holds for 1—16 <a< %. However, for
TR < we get

{z}

1 1
+ o\ _1_ L + |7
1{$},1{y}) =S —da<3=P (I{Z} I{y}> , (3.22)

contradicting (3.8); thus, the property of positive knowledge correlation does

not follow from

The previous example shows that each condition in Definition is
weaker than the property of positive knowledge correlation. Additionally,
Example is important for another reason. While we will eventually show
that the conditions in Definition are useful from a technical perspective,
the example suggests they are not as compelling for modeling student knowl-
edge. Specifically, while|3(a) holds when o < 167 from we can see that,
in comparison to knowing only x, knowing both x and y makes it [ess likely
that z is known, which runs counter to the motivation for the property of
positive knowledge correlation. Similarly, while holds when o > %,
shows that, in comparison to not knowing y, adding the additional
assumption of knowing x makes it less likely that z is known, which again
goes against the intuition of positive knowledge correlation. Thus, while we
will see shortly that the conditions in Definition have important implica-
tions, for the above reasons we choose to formulate the property of positive
knowledge correlation as done in Definition

j2 <I+
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Before moving on to the main consequences of the conditions in Defi-
nition [3.7—and, hence, the property of positive knowledge correlation—we
need to derive the following equivalent forms of these conditions.

Lemma 3.9. Let () be a set of items and P be a probability distribution on
P(Q).

(a) Condition can be equivalently written as follows:
For any g € Q and B,C C Q, where C' # &, we have

P <1+ ’ If I ) > P (I} I5) (3.23)

whenever the conditional probabilities are well-defined.
(b) Condition can be equivalently written as follows:
For any q € Q and B,C C @), where B # &, we have

P (1a|1g) < P (12|15 1y ) (3.24)

whenever the conditional probabilities are well-defined.

Proof.

(a) From the definition of conditional probability, can be written as

P(ryniinig) P (1i,01s)
>
P(IfnlIg) - P(Iy)
+ + 7
_ P (1, nij QI)ZP(]?;[C)
P(I{g}m) (Zc)
— P(I*‘I{},I)>P(I+]I

(b) can be equivalently written as
+ 7= — |7+
1= P (1 [ 15.12) < 1P (1] )
— + —
PR P {q}‘IB) <P (I, ’ 15,1z).
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From the definition of conditional probability, the last inequality can
be written as follows.

P (Jg N [{;}) P (Ig NI, N 15)

P(1z) = P{ENic)
_ +A I A
_ P (f;[c) T (15N nic)
+ —
(75) P(rniy,)
— P(1c|ty) < P (12| 14 17y )

]

Lemma 3.10. Let ) be a set of items and P be a probability distribution on
P(Q), where P(@) > 0 and P(Q) > 0. Suppose also that holds. Then,
the knowledge structure K = Kp satisfies the learning consistency condition

LC).

Proof. Let KL € X with K C L and let ¢ be an item in ) such that
K U{q} € X. From (3.1) we know that P(K U {q}) > 0. In order for
learning consistency to hold, we need to show that P(LU{q}) > 0. We have

P(LU{q})=P <[L+ NI 0 I@U{q})C)
:P(I;‘ﬁ I ).p(1+ nI;

{ab F(LU{a)e {a} (Lu{q})c> ) (3.25)
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where the second equality uses the definition of conditional probability. Note

that P (I{J“} N g > > 0 since KU{q} € IE;} N1 (114> and so the above

conditional probability is well-defined. Next, notice that if L U {q} = Q we
are done, as P(Q)) > 0 by assumption. Thus, assuming L U {q} # @, which
implies that (L U {q})® # @, we can then apply to get

P ( ‘ (LUfa})e > <I{q} n ]@u{q}>c> by
P <1+ ni- )
(Lufah)e .
= P<I_ > P<I{}N(Lu{}>>
(LU{g})©
P(L) P )
= o P(I{q}ﬂ](LU{q}) ) smceLEI m](LU{q})C
( (LU{q})°)
= P(L)- P<I{ M (Lo }))
> P(L)-P(KU{q}) since K U{q} € ]{q} N g
>0

9

where the last inequality follows from the fact that L € X and K U {q} €
X. O

Lemma 3.11. Let @) be a set of items and P be a probability distribution
on P(Q), where P(@) > 0 and P(Q) > 0. Suppose also that holds.
Then, the knowledge structure K = Kp satisfies the forgetting consistency
condition [FC].

Proof. Let KL € X with K C L and let ¢ be an item in K such that
L\ {q} € X. From (3.1) we know that P(L \ {¢}) > 0. In order for
forgetting consistency to hold, we need to show that P (K \ {¢}) > 0. We
have

P(K\{q)=P (1;\{q} NIg, N Ix )

_ - |+ - +
=P (IKC K\{q}?I{q}> P (IK\{q}m{q}> (3.26)
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where the second equality uses the definition of conditional probability. Note
that P (I;;\{q} N I{_q}> > 0 since L\ {q} € I;;\{q} NI, and so the above

conditional probability is well-defined. Next, notice that if K \ {¢} = & we
are done, as P(@) > 0 by assumption. Thus, assuming K \ {¢} # &, we can

apply [3.24 to get

= £ <[Kc [K\{q}) - P (IK\{q} N I{q}) by
P (Ijg\ @n I:) . i
=T o P (IK\{q} N [{q})
( K\{q})

P(K) " . - .+ —
zﬁp<[[(\{q}ﬂ[{q}> SIHCGKEIK\{(I}HIKC

( K\{q}>
> P(K)- P (I;g\{q} N I{‘q}>

> P(K)-P(L\{q})  since L\{q} € I\ (s NI,
> 0,

where the last inequality follows from the fact that K € X and L\ {¢q} €
X. O

Combining Lemmas and leads immediately to the following
theorem.

Theorem 3.12. Let () be a set of items and P be a probability distribution
on P(Q), where P(@) > 0 and P(Q) > 0. Suppose also that P satisfies the

property of positive knowledge correlation. Then, KX = Kp satisfies [L.C] and
[FC].

Our next two results show that and imply closure under union

and closure under intersection, respectively.

Lemma 3.13. Let @) be a set of items and P be a probability distribution
on P(Q), where P(&) > 0 and P(Q) > 0. Assume that holds. Then,
the knowledge structure K = Kp is closed under union.

Proof. Let K,L C @ with P(K) > 0 and P(L) > 0. Note that, by assump-
tion, the inequality holds if K UL = (). Furthermore, it also holds if K C L,
as we have P(KUL) = P(L) > 0, orif L C K, since P(KUL) = P(K) > 0.
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Assuming that K UL # Q, K € L,and L € K, let K\ L = {ry,r,...,Tm}.
We have

NIt

PIKUL) =P (I 0l

{r1}

_ +
=P (IKUL\{m}

N o)

+ o7 + -
Iy I<KUL>6> P (I{m} N I(Ku@c) :

Note that P (IE;I} ﬂ[(_KUL)c> > 0 since K € Igl} M L gepyes as such, the

above conditional probability is well-defined. Next, since we're assuming
KUL # Q, we have (K U L) # @; thus, we can apply (3.23) to get

N ](_KuL)C

> P <[IJ§UL\{T1} I(_KUL)°> P <I{t~1} N I(_KUL)C>
P (oo N o)
B vy M oy P
_ : p (I{m} n I(KUL)C)
P (o)
P (Biageny M e
i) WYY U P(K)  since K € I

= _ {r1}
P (o)

2P<[+

KUL\{r1} [ I

(KuL)°> 'P(K)-

Proceeding next with 7, € K \ L, we have

_ + + -
=P (I{r2} O g0 fry ey 1 I(KUL)C) - P(K)

= P (oo | T Ticonye) - P (T 0 oy ) - PUK).
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Note that K € I }ﬂI <, which means P (I{ o ko > > 0. Applying

{(ro} (kUL
once again gives
> P <IKUL\{7’1 ro} | ](KUL) ) P <I{t2} A ](KUL) ) P(K)
P (L oy 0 Licony)
\{r1,ra} (KUL)e _
= - P (1) N L) - PUK)
P (Ticosy)
P (Lo gransy 0 ircony)
> KUL\{ry,r2} (KUL) . P(K>2 since K € I{T y N IKUL
P (Ticowy)

> P (L g Mieonye ) - POE)

Proceeding similarly one at a time for r3 through r,,, we have

PIKUL) 2 P (L vy 0 isconye) - PUS)™

— P (I} N ey ) - POE)"
> P(L)- P(K)™ since L € I} N [(_KUL)
> 0.
Therefore, X is closed under union. O

Lemma 3.14. Let @) be a set of items and P be a probability distribution
on P(Q), where P(&) > 0 and P(Q) > 0. Assume that holds. Then,
the knowledge structure K = Kp is closed under intersection.

Proof. Let K, L C @ with P(K) > 0 and P(L) > 0. We will show that
P(K N L) > 0, which implies that X is intersection-closed. Note that, by
assumption, the inequality holds if K N L = @. Furthermore, it also holds if
K C L, as we have P(KNL)=P(K)>0,orif L CK,since P(IKNL)=
P(L) > 0. Assuming KNL # @, K € L, and L € K, let K\ L =
{¢1,92,- -, qn}. We have

P(KNL)=P ([;mL ni-

ay ¢

<<KnL>U{q1}>c>

_ - - + -
—p (I I I, }> P <1KOL n I{ql})

(KNL)u{g1})s
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Note that P ([IJQQL Nl }) > 0 since L € It NI, 4 as such, the above

conditional probability is well-defined. Since we're assuming K N L # &, we
can apply (3.24) to get

p— + —
2 P (I«Kan{ql}) m) P (1}mL N1, })
( Kz I_KDL)U{ql})°> p <I+ AI- >
’ KNL
P (Ifnr) e
P ( Pl )
(KNL)U{q1})e . _
-P(L) since Le NI
P (Ijtny) e
> b ( knz M (knnyogae ) P(L).

Note that L € I}, N I{_qQ}, which means P <I;§0Lﬁ[{_qQ}> > (0. Thus,
proceeding similarly for ¢go € K \ L, by applying (3.24)), we have

= P (Lo Mgy N kot anyye) - PO
—p (I— Iiog, 1{—%}) P (I;m NI, }> P(L)

(KN )
Liow) - P (Tion N1y ) - PL) by (B20)

> P (I(_(KHL)U{Ql q2})¢

P ([;mL ni; )
((KNL)U{q1,q2})° _
- -P([;;Lﬂf ) P(L)
P (Ifnr) e
ZP([ i M (knnyuta, q2}>> P<[f+mLm{Z }) P(L)
= (]KﬂLm«KmL)u{ql q2}>> P(L)*,

where the last line follows from the fact that L € I;;, NI, {
similarly one at a time for ¢3 through ¢,, we get

P(KNL)=P (IKmL NV (KAL) U{a1 g20san })e ) P(L)"
= P (Ifo, NI - P(L)"

> P(K)-P(L)" since K € I, NI
> 0.

PRY Proceeding

Therefore, X is closed under intersection.
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Combining Lemmas and it follows immediately that a knowl-
edge structure satisfying the property of positive knowledge correlation is
necessarily closed under both union and intersection.

Theorem 3.15. Let () be a set of items and P be a probability distribution
on P(Q), where P(@) > 0 and P(Q) > 0. Suppose also that P satisfies the
property of positive knowledge correlation. Then, K = Kp is closed under
both union and intersection.

Now that we have shown and imply a knowledge structure
is closed under union and intersection, respectively, a natural question is
whether these conditions are satisfied for any knowledge structure that is
closed under both union and intersection. Continuing with Example |3.8, we
next show that this is not the case.

Example 3.8 (continuing]from p.[17)). Notice that the knowledge structure is
closed under both union and intersection for any value of «v in (0, %) However,

consider that the inequalities in (3.19)) are satisfied for 0 < a < %67 but they
do not hold for % <a< %; thus, for the latter set of values condition
does not hold, while the knowledge structure is closed under both union and
intersection. Similarly, the inequalities in (3.21)) are satisfied for 1= < a < £,
but they do not hold for 0 < a < %; as such, in the latter case condition
does not hold, even though the knowledge structure is once again closed

under both union and intersection.

Another question is whether the property of positive knowledge correla-
tion can be reformulated without the inclusion of I; that is, is it possible to
get the same results by formulating the property in terms of only knowing
items, without mentioning the items that are not known? Our next example
shows that this is not possible.

Example 3.16. For @ = {z,y, z} consider the following probability distri-
bution P on P(Q).

P({eh) = P (o)) = 1 P({zh) =0
Pz =5 PUwuh)=PUuzh =0
P({ey2h) = 2 P@) -~
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Note that the knowledge structure K = Kp is closed under intersection, but
it is not closed under union. Based on the probability distribution above, we
can compute the following probabilities.

P(15) =P (1)) = 15

P(1t) =1

P(1y | 10) = P (10 | 10) = P (103 100) = 2
P<I{+y} I?z}) :2

P(I{Z} I?z}) =1

P(@} [{3}) =§

P(@} I{Z,Z}> :g

P (1t [ Hha) = P (15 1) =1

Observe that for any permutation o of the items in {z,y, 2} we have

+ +
P<I ‘]{ <2)}> >P(I{a< )})

+
( {o(1) ’ ) 2P (I ‘ {a(?)}) :
However, note that from the state probabilities we can compute
1
- _ L + | 7-
[{w}’[{z}) =0z3="r (I{y} I{z}) )

in violation of (3.8)). Thus, since X is not union-closed, it follows that formu-
lating (3.8)) solely in terms of what is known is not enough to guarantee the
resulting knowledge structure is closed under both union and intersection.

and

+
i (I )

3.2. The FKG Inequality and Positive Knowledge Correlation

In Section we proved several results that followed when a knowl-
edge structure and its associated probability distribution satisfy the prop-
erty of positive knowledge correlation. In this next part we work in the other
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direction—that is, assuming we have a probability distribution on a knowl-
edge structure, when can we conclude the property of positive knowledge
correlation is satisfied? To answer this question, we need to make use of the
Fortuin-Kasteleyn-Ginibre (FKG) inequality (Fortuin et al., [1971). In order
to apply the FKG inequality, we first need the following definition.

Definition 3.17. Let I' be a partially ordered set. Given two elements
x,y € I', suppose the least upper bound exists in I'; in such a case, this
least upper bound, denoted by x V y, is called the join of z and y. Similarly,
suppose the greatest lower bound of x and y exists in I'; then, this greatest
lower bound, denoted by x A y, is called the meet of x and y. The set I is
a lattice if the join and meet exist for every x,y € I'. Furthermore, I' is a
distributive lattice if the join and meet operations distribute; that is, for all
x,1y,z € I' we have

zA(yVz)=(@Ay)V(xAz). (3.27)

We are now ready to state the FKG inequality.

Theorem 3.18 (FKG inequality). Let ' be a finite distributive lattice. Let
m be a nonnegative function on I' satisfying the following condition.

(A) For all z and y in T,

m(z Vy)m(z Ay) > m(z)m(y). (3.28)

Let f and g both be monotonically increasing (or, both be monotonically
decreasing) functions on I'. The following positive correlation inequality
then holds:

(Z f(fc)g(fc)m(x)> <Z m(ﬂf)) > (Z f(:v)m(:v)> (Zg(fc)m(:v)> :
zel’ zel zel zel’ (329>

The inequality becomes negatively correlated—i.e., the inequality sign is
flipped—if one of f and g is monotonically increasing and the other is mono-
tonically decreasing.
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In order to apply the FKG inequality, we let I' = K, where X is a knowl-
edge structure defined on a set of items (). Furthermore, we assume that
X is closed under both union and intersection—in this case, the join and
meet, operations are then represented by set union and set intersection, re-
spectively. Finally, we assume that m is a nonnegative function on P(Q), the
power set of the items in (). Using these assumptions, our next result shows
a connection between and positive knowledge correlation.

Theorem 3.19. Let () be a set of items and P be a probability distribution
on P(Q), where P(@) > 0, P(Q) > 0, and X = Kp is closed under both
union and intersection. Suppose also that for every K, L € X we have

P(KUL)P(KNL)> P(K)P(L). (3.30)
Then, P satisfies the property of positive knowledge correlation.

Before proving Theorem [3.19] we first prove the result for a more specific
and technical set of conditions.

Lemma 3.20. Let ) be a set of items and P be a probability distribution
on P(Q), where P(@) > 0, P(Q) > 0, and X = Kp is closed under both
union and intersection. Suppose also that for every B,C' C @ and K, L € K
we have

PHKULYNIfNIZ)-PH{KNLINILNI) >
PHK}NILNIZ)-P{LINIfnI;). (3.31)
Then, P satisfies the property of positive knowledge correlation.

Proof. Let q,r € @, with B and C' defined as above. For any K € X define

nwo:{PM)ﬂKE@ﬂ@, (3.3

0 ifK¢I;nI;.

For a set family F, let 15 represent the indicator function for F; that is,
for any A C @ we have 15(A) = 1if A € F and 15(A) = 0 otherwise. We
need to show that (3.8) holds. Note that, since IE;} is an upper set, 1 i,

is a monotonically increasing function for any ¢ € ). Next, observe that
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by combining (3.31)) and (3.32)) it follows that (3.28]) is satisfied. Setting
f(K) = 11{+}(K) and g(K) = 1I{+}(K), from ([3.29)) we then get

(Z L (K) 10 (K) -m<K>) (z m<K>) >

KeX

Starting with the first term of (3.33) we have

DL () 1 (K)-m(K)= ) m(K)

KeX + +
KEI{q}ﬂI{T}

= > P(K) by (3.32)

+ At AIEALS
KelIl \nIf \nIfnig

:P(ﬁmrF

+ —
o Mm%m%) (3.34)

Using similar arguments, we can also show that

D L (K)-m(K)= )  m(K)

KeX +
Kel{q}

= > P(K) by (@32

+ A7tAT—
KeI} ,nIfni;

:P(I+

LNIEN 15) (3.35)

and

D1y (K)-m(K)= ) m(K)

KeX +
Kelf,

= )  P(K) by (332

+ AItAI=
Kel \nIENIg

:P(I+

SNIEN 15) . (3.36)
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Finally, applying (3.32)) once again we have

Y om(K)= > P(K)

KeX Kerfnig

=P (IfnlI;). (3.37)

Combining (3.34)—(3.37)) with (3.33]) results in the inequality

Py niynibnig) - P(Ignig) =

+ AT + AT
P (I{q} NN IC> P (I{r} NN [C) .

Assuming P (],:;} NIgn Ig) > 0, we can rearrange the terms to get

+ + + AT + + AT
P (I NIy nIin ) P (rfynrbnic)

P(I+ mlgmlg) - P(IEnlg)

)
+ |+ - + |+ 7
= P (15| oy 1) 2 P (I | 15 12)

Thus, (3.8) holds, as required.

We now prove Theorem [3.19]

Proof of Theorem[3.19. Let B,C C @ and K,L € X. We need to show
that holds. To start, suppose that at least one of K or L is not in
{IfN1I;}. In such a case, the right-hand side of contains at least one
probability computed over an empty set family, and by it follows that
such a probability is equal to zero—thus, the right-hand side equals zero and
the inequality holds.

Next, consider the case when K, L € {I}5 N I5;}. As such, both K and
L contain all the items in B and none of the items in C. Let b € B. Since
be K and b € L, it follows that b€ K U L and b € K N L; as this holds for
any b € B, we have both KUL € I}f and KNL € I}f. Next, let ¢ € C. Since
c ¢ K and ¢ ¢ L, it follows that ¢ ¢ K UL and ¢ ¢ K N L; as this holds
for any ¢ € C, we have both K UL € I and K N L € I,. Combining the

32



results in this paragraph, we have now shown that both K UL and K N L
are contained in {I} N I5}. We then have

PHKULYyNIfnI;)-P{KNL}nIinI)
=P(KUL)-P(KNL)
> P(K)-P(L) by
=P{{K}nIinI;)-PHLyNIfNI;).

We have now shown that (3.31]) holds in general. Applying Lemma |3.20]
it follows that P satisfies the property of positive knowledge correlation. [

Based on Theorem [3.19, we next give an example that satisfies the prop-
erty of positive knowledge correlation.

Example 3.21. Let K be a knowledge structure on () that is closed under
both union and intersection, and let P be a uniform probability distribution
on the states in K; that is, we have

— if K € X,
P(K) = { K] (3.38)

0 ifKé¢xX.

We need to show that (3.30]) holds. Let K and L be states in K. Since K
is closed under both union and intersection, it follows that both K U L and
K N L are states in K. We then have

1
P(K)=P(L)=P(KUL)=P(KNL)= m (3.39)
Based on these values, we can then see that (3.30) trivially holds—thus, by
Theorem [3.19] it follows that P satisfies the property of positive knowledge
correlation.

Our next result shows that, under the assumptions of Theorem [3.19]
positive knowledge correlation and the conditions given by (3.30)) are actually
equivalent.

Theorem 3.22. Let () be a set of items and P be a probability distribution
on P(Q), where P(@) > 0 and P(Q) > 0. Furthermore, assume that P
satisfies the property of positive knowledge correlation. Then, for any K, L €
X, we have

P(KULP(KNL)> P(K)P(L). (3.40)
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Proof. We show the claimed result by proving the contrapositive holds. That
is, if fails to hold, we show that P does not satisfy the property
of positive knowledge correlation. Thus, we start by assuming there exist
K, L € X such that

P(KULYP(KNL) < P(K)P(L). (3.41)

We next rewrite the terms as the following probabilities.

P(KUL) = (IltmL N Igoye Mg D [I—?\L> >0
PIK L) = P (Tiew 0 eonye 0 T N iy ) > 0
P(K)=P (II—E’FWL M Lgopye N g N ];\L> >0
P(L) :P< KﬂLﬂIKuL mIL\KmII_(\L> >0

Note that since is a strict inequality, it implies K ¢ L, L € K,
P(K) > 0, and P(L) > 0. We can then derive the following conditional
probabilities, which are well-defined as either K or L is contained in each set
family represented in the denominators.

P (I?mL NI oy N f e 0 Ilt\L) _p (
P <I;+mL N (ko) mIl+<\L> !

P (Iij N gunye N e N I;(\L) _p (
P <l};mL N iy N Il_f\L)

P (Iij N gunye NV e N [K\L> _p (
P <I};0L N oy N IIJ;\L>

P(I}gmﬂl&(um ﬁ[L\1<ﬂjl_<\L> P(
P <I;§0L N gupye N If;\L>

Using these conditional probabilities and dividing each side of (3.41)) by

[z\K IK? I(KuL)C)

IL_\K II—EOL7 IL_C>

I | T Ticonye)

];\K If?mLaEc)

P (IEmL N geupye N II+(\L) P <IIJ50L N oy N II?\L) ;
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we can rewrite (3.41)) as

P <[;\K ‘ I A urye > 'P< L\K ‘ [KﬂL>ILC> <
( I\K ’ I I ko ) ‘P( I\K ‘ [1+<mL7[Zc) - (3.42)

From (3.42)) we can see that at least one of the following (strict) inequalities
must hold.

P( I\K ‘ Ieo Loy ) < P( L\K ) If?mp@c) (3.43)
P( L\K ‘ II+(0L7]LC> < P( I\K ) I;?J(}UL)C) (3.44)

Note that both of these inequalities are in violation of the property of posi-
tive knowledge correlation—as such, the probability distribution P does not
satisfy positive knowledge correlation, and the claimed result follows.

[]

3.8. Empirical Analysis of Positive Knowledge Correlation

In this section we investigate the validity of the property of positive knowl-
edge correlation using data from the ALEKS system. ALEKS, which stands
for “Assessment and LEarning in Knowledge Spaces,” is an artificially intel-
ligent adaptive learning and assessment system that is based on KST (Mc-
Graw Hill ALEKS, |2022)). For this analysis, we use a data set composed of
3,301,368 ALEKS assessments taken over a period of roughly 10 years, be-
ginning in 2011. These assessments are from the ALEKS Placement, Prepa-
ration, and Learning (ALEKS PPL) product, where each assessment func-
tions as a placement test for an incoming college or university student. The
ALEKS PPL assessment uses a knowledge space consisting of 314 items that
cover material from elementary mathematics to precalculus.

Recall that (3.8) has the form given below.

P (ng}

I 1o )>P(I+ ‘Jg, *)

In order to estimate the above conditional probabilities, we make use of
a specific feature of the ALEKS assessment. FEach ALEKS assessment—
ALEKS PPL included—asks an extra problem that is chosen uniformly at
random from the available items, and the student’s response to the extra
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problem does not have any effect on the outcome of the assessment or the
selecting of the subsequent questions to ask. Instead, the data from the extra
problems are typically used to evaluate the performance of the assessment
and make further improvements. For this analysis, we use the correct answer
rates on the extra problems to estimate the conditional probabilities in (|3.8]).
Next, in order to properly account for the conditional events in ((3.8))
when computing our estimates, we need to make use of the item classifica-
tions coming from the ALEKS assessment. Specifically, each ALEKS PPL
assessment partitions the 314 items into the following three categories.

— items that are most likely in the student’s knowledge state (in-state)

— items that are most likely not in the student’s knowledge state (out-of-
state)

— the remaining items (uncertain)

For this analysis, we use the in-state and out-of-state classifications on the
items when conditioning on r, B, and C' in . To estimate the right-
hand-side of , we find all the assessments in which the items in B are
all classified in-state and all the items in C' are classified as out-of-state; for
these assessments, we then compute the rate at which ¢ is answered correctly
when it appears as the extra problem. Next, to estimate the left-hand-side
of (3.8), we find all the assessments in which the items in B U {r} are all
classified in-state, while the items in C are all classified as out-of-state; for
these assessments, we again compute the rate at which ¢ is answered correctly
when it appears as the extra problem.

Before moving on, a comment must be made on our procedure for esti-
mating the conditional probabilities. The reader may wonder why we have
chosen to use the correct answer rate on the extra problem as our estimate,
rather than the proportion of times that ¢ is classified as in-state. The reason
for this is that simultaneously using the assessment classification information
for ¢, B, and C can, in many cases, heavily bias the estimates. For example,
suppose that, due to the specifics of the knowledge space, ¢ is a prerequisite
of an item b € B; specifically, ¢ is in any state that contains b. In such a

case, an estimate of P I{J;} It I-) that uses the in-state information on

q would always return a value of one; that is, since ¢ is a prerequisite of an
item in B, whenever all the items in B are classified as in-state, ¢ would by
necessity also be classified as in-state. Thus, by computing the conditional
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Figure 1: Relative frequency histogram of P (I{J;}), as estimated by the extra problem

correct answer rate for each of the 314 items. On average, 10,490 extra problems are used
to compute each estimate.

probability estimates based on the correct answer rate to the extra problem,
we are hoping to adjust for biases such as these. While it is true that, due
to careless errors, a correct answer rate can be different from the probability
of actually knowing an item, we submit that the correct answer rate is a
reasonable proxy for this probability in the scenario under consideration.
Now, let (Q,XK) be the knowledge space used in the ALEKS PPL as-
sessment. For each ¢ € (), we use the overall correct answer rate for ¢
to estimate P(I{J;}); the results are shown in Figure |1, where we display a
relative frequency histogram of the correct answer rate for each item. The
correct answer rates are computed with data from the responses to an av-
erage of 10,490 extra problems; the mean and median values of the correct
answer rates are 0.52 and 0.50, respectively, with the values ranging from
a minimum of 0.02 to a maximum of 0.98. For our first evaluation of the
positive knowledge correlation property, we can compare the overall correct
answer rates to those computed conditional on whether another item is clas-
sified as in-state or out-of-state. Formally, for any ¢, € Q, with ¢ # r, we
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compute the “positive” difference

+ |7+ +
P (I{q} ‘ I{T}> _p (1{q}> (3.45)
whenever the conditional probability can be estimated with at least 5,000
data points. Specifically, we find example assessments where r is classified as
in-state and ¢ is asked as the extra problem; based on the correct answer rate
to ¢ on these assessments, we have our estimate of P (I{J;} ‘ I{t}>. Similarly,

we also compute the “negative” difference

+ |- +
P (I{q} I{r}> _p ([{q}> (3.46)

whenever the conditional probability can be estimated with at least 5,000
data points. Specifically, we find example assessments where r is classified as
out-of-state and ¢ is asked as the extra problem; based on the correct answer
rate to ¢ on these assessments, we have our estimate of P (I*E;} [{_T}>.

Note that as and can be computed for each ordered pair of
distinct items in the domain, there are a total of 314 x 313 = 98, 282 condi-
tional probabilities for us to consider in each of the two cases. Using all the
assessments in our data set, we find 46,972 positive conditional probability
estimates with sample sizes of 5,000 or more, and none of these are smaller

than the corresponding unconditional probability P (I f;}>. Then, there are

34,837 negative examples with sample sizes of 5,000 or more, and none of
these have a value larger than the corresponding unconditional probability

P IE;}). The resulting relative frequency histograms for these estimates of
(3.47) and (3.46)) are shown in Figure [2]

Our next set of results looks at slightly more complex conditional prob-
abilities. For ¢,r,s € () we are interested in estimating the conditional

probability P <]Erq} ‘ ]{t}, ]{_5}>; that is, the probability of knowing ¢ given
that r is known and s is not known. To estimate this quantity, we look at
all assessments where 7 is classified as in-state, s is classified as out-of-state,
and ¢ is asked as the extra problem. For our “positive” case we compare

this estimate to the probability of knowing ¢ given that s is not known, as
P (1 I

follows:
+ - +
) | Lirp {s}> - P (I{q} {s}> : (3.47)
The above difference is computed whenever we have 5,000 data points for each
conditional probability estimate. Similarly, we can compute the “negative”
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correlation.
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difference by comparing to the probability of knowing ¢, given that r is
P (1 I

known:
+ - +
(| Ioy {s}) - P (I{q} {r})' (3.48)

As before, the above difference is computed whenever we have 5,000 data
points for each conditional probability estimate.

As (3.47)) and can be computed for each ordered triple of distinct
items in the domain, there are a total of 314 x 313 x 312 = 30,663, 984 con-
ditional probability estimates to consider. The results are shown in Figure 3]
In this example there are 2,249,553 triples of items ¢, r, s € () for which we

have at least 5,000 data points to estimate P <I{J;} I{tp[{;})' Comparing

[E;}>, there are only 45 examples

these values to the estimates for P ([E;}

for which the difference is negative, with all the values being greater
than -0.0002; thus, the violations of are very minor, both in number
and size. Then, for the negative data points, there are only 75 for which the
difference is positive, with all of the values being less than 0.0003; thus,
as before, the violations of positive knowledge correlation in these examples
are again very minor both in number and size. Combining the results from
all of these figures, overall the examples we've looked at are consistent with
the property of positive knowledge correlation—the few specific cases that
violated the property did so very minimally, suggesting that these violations
may be due simply to uncertainty in our estimates.

4. Positive Correlation and Adaptive Assessments

In the previous section we looked in detail at the property of positive
knowledge correlation. However, for all of our previous analyses we assumed
that the probability distribution on the states in K was fixed and unchang-
ing. In this section we look at a related, but distinct, problem. Specifically,
we assume that the probability distribution on the states in K is changing
over time—in particular, this is the behavior that results from an adaptive
assessment algorithm that updates the distribution on X with each response
from the student taking the assessment. After a brief background on how
such an updating algorithm works, we introduce and analyze the concept of
a positively correlated updating rule.
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4.1. Updating Rule for an Adaptive Assessment

We next discuss a few concepts related to probabilistically modeling and
assessing knowledge in KST. This material is adapted mainly from Chapters
11 and 13 in Falmagne and Doignon| (2011). We begin with the definition of
a probabilistic knowledge structure.

Definition 4.1. A probabilistic knowledge structure is a triple (Q, X, P) that
satisfies the following.

(i) (@,XK) is a finite knowledge structure with UX € XK.

(ii) The mapping P : X — [0, 1] is a probability distribution on X; that is,
for any K € K we have P(K) > 0 and, additionally, >, .o P(K) = 1.

Note that the above definition has a subtle difference from our previous
assumptions in Section [3| In particular, Definition assumes a knowledge
structure, K, exists, and that the probability distribution is then a function
of the states in K. However, in Section |3 our typical assumption was that
the knowledge structure was induced by the probability distribution, which
implies that P(K) > 0 for any K € X; as such, Definition is slightly
more general, as P(K) = 0 is allowed even if K € X.

Next, we need to define the concept of an updating rule.

Definition 4.2. For n = 1,2,..., let (g,,r,) represent a sequence of ques-
tions and responses, respectively, that appear during an adaptive assessment.
That is, g, € @ is the item asked at time n, while r, € {0, 1} represents the
student’s response to ¢,; note that r, = 1 represents a correct answer to ¢,,
while r,, = 0 signifies a wrong answer. Assume that (Q, X, P,) is a probabilis-
tic knowledge structure for each n. Then, an updating rule u is a function
satisfying the equation

P Z u(r, qn, Pn). (4.1)

For a state K € X and item g € @, let 15 be the indicator function for
K, where 1x(q) is one if ¢ € K and zero otherwise. Then, it’s additionally
assumed that u satisfies the following:

> P,(K) if 1x(qn) =70,

. (12)
< P,(K) if 15(qn) # 7n-

Pn—i—l(K) = uK(TrHQna Pn) {
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In words, an updating rule increases the probability of (a) any state that
contains a correctly answered item, or (b) any state that doesn’t contain
an incorrectly answered item. Conversely, the updating rule decreases the
probability of (c¢) any state that contains an incorrectly answered item, or
(d) any state that doesn’t contain a correctly answered item.

4.2. Positively Correlated Updating Rule
We next introduce the concept of a positively correlated updating rule.

Definition 4.3. For each n = 1,2,..., let (Q,X, P,) be a probabilistic
knowledge structure. Then, P, (] {Z}) is the probability of knowing item a € )
at question n. A positively correlated updating rule satisfies the following
two inequalities:

=1 — Py, (1{:}) > P, (I&) VaeQ,
=0 = P, (1@) <P, (f{fz}) Ya e Q. (4.3)

So, given a correct answer a positively correlated updating rule does not
decrease the probability of any individual item; conversely, given an incorrect
answer, it does not increase the probability of any individual item. Our goal
is to develop a set of sufficient conditions that guarantees an updating rule
is positively correlated.

For this analysis, we assume that we have a multiplicative updating rule,
which we define as follows.

Definition 4.4. Let P, be a probability distribution on a knowledge struc-
ture X at question n. Consider the real-valued parameters 52 > 1,1 € {0,1},
with each 3% having an associated set family U’ C K. In the event of a cor-
rect answer to ¢, (i.e., 7, = 1), the set U} consists of all the states where the
update 3! is applied. Then, given an incorrect answer to g, (i.e., r, = 0), the
set UY consists of all the states where the update 3° is applied. The updated
probabilities are computed as follows:

. n — fKelU
i P (U +1— P, (U "
Pn+1(K>:uK(TmQH7Pn) = B ( P)(K) ( )
. = _ if K
BB +1-pn EED
(4.4)

We call this a multiplicative updating rule.
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Our next result shows that for any state K € U, the updated probability
is non-decreasing.

Lemma 4.5. Let u be a multiplicative updating rule with U and 3! defined
as in Definition Suppose that r, = i. Then, P,,1(K) > P,(K) for
K e U and P,1(K) < P,(K) for K € X\ U..

Proof. For K € U! we have
_ 572 ) Pn<K)
B - Pu(U3) + 1 = Po(U})
Pu(K)
7 1P, (U},)
Pn(Un) + 571'1
> P.(K),

PnJrl(K)

where the last line follows from the fact that for 3/ > 1 we have

1= P(U!
Py + LB oy

Next, for K ¢ U’ we have

Pa(K)
B - Pa(Up) +1 = Fu(Uy)
< Po(K),

P (K) =

where the last line follows from the fact that for 37 > 1 we have
Bl Py(U)+1— Py (Ul) > 1.
O

For our subsequent results, we once again need to make use of the FKG
inequality. As in Section[3.2] we let I' = K, where X is a knowledge structure
defined on a set of items (), and we assume that X is closed under both union
and intersection. Finally, we assume that m = P is a probability distribution
on P(Q). In order to apply the FKG inequality, for any K, L € X we need
to show that the following holds after a multiplicative update.

P(KUL)P(KNL)>P(K)P(L) (4.5)

The next lemma formulates a set of sufficient conditions that guarantees the

inequality in (4.5) holds.
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Lemma 4.6. Let u be a multiplicative updating rule with U’ defined as in
Definition , and assume that (4.5)) currently holds for P, and all A, B € X.
Then, for 37 > 1 (4.5)) continues to hold for P, if U satisfies the following

conditions.
(a) A, BeU, = AUB,ANBeU;
(b) A€ U! = VB € X, at least one of AU B or AN B must be in U}

Proof. Let A, B € X, and assume that (4.5) holds for P,. Assume both A
and B are in UZ. Then, by [(a)] we know AU B and AN B are both in U} as
well; thus, we have

i.P(AUB ' -P(ANB
Poii(AUB)P, 1 (ANB) = i . PiqufJ _(|_ 1— P)n(U;L) Bi - Pf(UﬁL) (—i- 1 - J)Dn(Uﬁ>
. Bl Py(A) By, - Pu(B)
= B Pu(Us) + 1= Pu(U}) Bl - Pu(UR) + 1= Pu(U7)
(by (@.3))
= n+1(A)Pn+1(B)'

Next, without loss of generality assume that only A is in U:. By @ we know
at least one of AU B or AN B is in U}. Thus, we have

Z. P,(AUB) P.(AN B)
Po1(AUB)P, 1 (AN B) > 5,15% P (U + L — Po(U3) Bi - By(Ui) + 1 — P (UY)

(Since at least one of AU B or AN B is in U})

5 g P,(4) P.(B)

N nﬁfw ’ Pn(Uz) +1- Pn(UriL) ﬂﬁ ’ Pn(UfJ +1- Pn(Ué)
(by ([&.3))

= Pu1(A) P (B),

where the last line follows from the fact that only A is in U..
Finally, assume that neither A nor B is contained in U’. Note that for
an arbitrary K € X, combining (4.4) with the fact that 8¢ > 1 gives

. P (K)
= B BalU3) + 1 - Po(U3)

Pn—l—l(K)
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We then have

P,(AUB) P.(AN B)
B (AUB)Pop (AN B) > Bi - Pa(Up) + 1= Pu(U}) By - Pu(Ug) + 1 = P (U})
P,(A) P.(B)

= B Ba(Un) + 1= P(Us) By Ba(U3) + 1 — Po(U))

(by ({.5))
= Pn+1(A)Pn+1(B)7

where the last line follows from the fact that we’re assuming A and B are
not in U!. Thus, we have now shown that (4.5) holds for P, . O

One specific updating rule that satisfies and from Lemma is
the following. In the event of a correct response to an item ¢, set U}l = T a};

otherwise, if ¢ is answered incorrectly set U? = [{_q}. The intuition is that if
q is answered correctly we want to increase the probabilities of all the states
that contain ¢; conversely, if ¢ is answered incorrectly we want to increase
the probabilities of all the states that do not contain ¢q. Such an updating
rule is discussed in Section 13.4 of Falmagne and Doignon| (2011). More
generally, the conditions and are satisfied if, for example, every set
in U contains all the items from some set R. Or, as another example, the
conditions are satisfied if every set in U! contains no items from some set R.

We next identify another set of conditions that must be satisfied in order
to have a positively correlated updating rule. To do this, we first need to
prove the following lemma.

Lemma 4.7. Let u be a multiplicative updating rule with U’ defined as in
Definition [£.4] and suppose that r, = i. Then, for any ¢ € Q) we have the
following.

Po (1{2} U,i) ~ P, (1{2} U:‘L> (4.6)
Pt (J{tz} (U;)c> - P, <[{+q} ‘ (Ug)c) (4.7)

That is, the probability of knowing an item, conditioned on either U’ or
(U?)S, is not affected by the update.
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Proof. We first prove (4.6)).

N P (I{}OUZ>
0) = —pa
ZKG{Ia}ﬂUg} ﬁfLPn (K)
T Ckew; BiPu (K)
ety sy P (K)
 Ykewi Pu(K)
P, (I{g}m(ﬂ)
P, (U7)
P@+Uﬂ

{a}
Using a similar argument, we next prove (4.7)).

+
P (I{q}

NUZ} Pn

Py ([{q} U) )
Pn—i—l <(Ul) >
_ ZKG{I N(U) ey Pn (K)

Pos1 (I{q}

(U2)°) =

ZKE viye P (K)
P, (ng} U) )
P(wiy)
= P (Ify | 03)°)

{a}

(4.9)

]

In this next theorem, we show that a positively correlated updating rule

is obtained by adding a final pair of assumptions on u.

Theorem 4.8. Let u be a multiplicative updating rule with U’ and ! de-
fined as in Definition 4.4l Assume that u satisfies the conditions in Lemmal4.6l
Then, if 171 is monotonically increasing and 1y is monotonically decreasing,

it follows that wu is a positively correlated updating rule.
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Proof. For u to be positively correlated, the difference P, (IE;}> —P, ([ {Z}>
must satisfy the following two inequalities:

=1 = Pui (Ify) = P (1) 2 0va € @, (4.10)

=0 = P ( {a}> ( Iy ) <0,Va € Q. (4.11)

Using Lemma , we can rewrite P, <I{J;}> P, (I{*}) as follows.

+ +
Pois <1{a}) P, (I{a}>
= Ipt1 (I{Z} ) n+1(

—p, (ﬁa}

— P, (1{2} n) 1
— Pra ([{a}
(by Lemma[£.7)
= Pt (1 | U2) [Pass (U2) = P (U))]
(| 020 [ (020) ()
= Pt (1| U2) [Pass (U3) = P (U))]
Pt (I | (UD°) [ = Pusa (U2) = 1+ Py (U2)]
(1 2) - P ([ 20)] 2 2 2

Note that P,y (UY) — P, (U!) is positive for 3! > 1; this is easily seen
from the updating formula in (I-4). So, (#10) holds when P, <I{a} U%)

Py (I{a} (U) ) > 0, while (1.11) holds if P, (J{fz} U’) P (I{a} (U’))
0.

~

Suppose 7, = 1. Since 11 is monotonically increasing, setting f = 1 1y
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g = 1y1, and m = P, 1, we can then apply the FKG inequality to get

(2 1 00070009 (£ i)
(Zl P ><Z1U1 Pl )). (4.12)

KeX

Note that since ) ;- cqc Poy1(K) = 1, the the left-hand side of (4.12)) simplifies
to

Z Pn-‘rl(K):Pn-H <I{a}ﬂU>
KeI{ ,nU}

Then, since the right-hand side of (4.12) simplifies to

(X Peal)) (X PoalE)) = Paa (1) P (U2).

Kelf KeU}

after rearranging terms we have

) i),

Next, since 1y is monotonically increasing, we have that 1y = 1 — 1y
is monotonically decreasing. Applying the FKG inequality once again with
f= 1I{+}, g = L1y, and m = P, gives

Pt (13,

<Z lfzra}(K)l(UgL)c( P ) (Z P, (K ) <

KeX

(Z 1y (K) P ) (Z e nH(K)). (4.14)

KeX

Simplifying terms and rearranging, we end up with

v)7) = Pp<[{<}<;(>U))> <P (ly). (419)

49

Pn+1 (I‘?‘;}



Combining equations (4.13)) and (4.15]), we get
Pt (1{2} U,i) P <I{+a}

thus, as previously discussed, holds.

Next, assume 7, = 0. In this case 1y0 is monotonically decreasing, while
1oy = 1 — 1o is monotonically increasing. Applying the FKG inequality
with f = 11+ ;9 = o)., and m = P,y gives

(U)o

Pn+1 (I{a} (UO> )

Py (IE;} ’ (Ug)c) =@ 2 b ([@) , (4.16)

while using f = 11{+}, g =1y, and m = P, gives

Py (1 nUo

UO) - Pnf(}Ug) > < Poiy ([{g}) (4.17)

Pas (1)

Combining equations (4.16)) and (| -, we have

P (I{a} U0>—Pn+1 <I{a} (U°)> 0,

from which (4.11)) follows. O

Based on Theorem 4.8 we get the following corollary, which shows the
connection between positive knowledge correlation and a positively correlated
updating rule.

Corollary 4.9. Let @ be a set of items and P, be a probability distribu-
tion on P(Q), where P, (&) > 0 and P,(Q) > 0. Assume that P, satisfies
the property of positive knowledge correlation. Let u be a multiplicative
updating rule with U’ and $’ defined as in Definition , and assume that
and from Lemma are satisfied. Then, if 171 is monotonically in-
creasing and 1y is monotonically decreasing, it follows that w is a positively
correlated updating rule.

Proof. Theorem tells us that (4.5)) holds for any K, L € K. Thus, the
requirements for Lemma are satisfied, and the result then follows from

Theorem [4.8 O
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We next give an example of a positively correlated updating rule.

Example 4.10. Let K be a knowledge structure that is closed under both
union and intersection. Let P, be defined as in ; that is, Py is a uniform
probability distribution on the states in K. As such, it’s easy to see that
holds for F,. Let g, and r, represent the item asked and response given,
respectively, at time n, and define our updating rule as follows.

1 7+
Un =14
0 __ 7—
Un =11,

That is, in the event of a correct answer to ¢, all the states containing g, are
updated; conversely, in the event of an incorrect answer all the states that
do not contain ¢, are updated.

We first note that it’s easily checked that @ and@from Lemmahold
for both IE;H} and [{’qn}. Next, observe that 11 =1 i is monotonically

increasing as a function on X, while 10 = 1,-  is monotonically decreasing
n ’IL}

q
as a function on X. Thus, from Theorem it follows that the updating
rule is positively correlated.

In the remainder of this section we look at the specific case of an updat-
ing rule on a non-ordinal learning space—i.e., a learning space that is not
closed under intersection. In doing so, we need to make use of the following
definition.

Definition 4.11. Let ) be a nonempty set and let F be a family of of subsets
of ). For an item ¢ € @), an atom at ¢ is a minimal set—where ‘minimal’
is defined with respect to set inclusion—of F containing gq. A set X € F is
called an atom if it is an atom at ¢ for some g € Q).

The following theorem gives a useful property of atoms (for a proof see,
for example, Theorem 5.4.1 in [Falmagne and Doignon, 2011]).

Theorem 4.12. Let K be a well-graded knowledge space on a set of items
@. Then, for any atom B at ¢, where ¢ € @, the set B\ {¢} is a state.

We are now ready to prove our next result, which shows that a non-
ordinal learning space is not a distributive lattice—as such, the techniques
developed in this section are not directly applicable to non-ordinal learning
spaces.
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Lemma 4.13. Any non-ordinal learning space £ is not a distributive lattice.

Proof. Since £ is a non-ordinal learning space, there exist Y, Z € £ such that
Y NZ ¢ L. Note that if Y A Z does not exist in £, then £ is not a lattice;
thus, assume that Y A Z exists for each Y, Z € £L. We want to show that the
operations of meet (i.e., set union) and join do not distribute. To do this, we
need to find X € £ such that

XUYAZ)A(XUY)AN(XUZ). (4.18)

To that end, we first note that since Y N Z ¢ £, it must be the case that
Y ANZ CY N Z; thus, it follows that C' = (Y N Z) \ (Y A Z) is non-empty.
We next claim that, without loss of generality, for at least one ¢ € C' there
exists an atom A at ¢, such that A € £ and A CY, but A € Z. We show
this by contradiction. That is, for each ¢ € C' and for every atom A, at g,
suppose we have A, € £, A, C Y, and A, C Z. This means that

YﬂZz(Y/\Z)U(UAq> e L,

qeC

contradicting the assumption that YN Z ¢ L. Thus, we can now assume
that such an A exists.

Next, let X = A\ {¢}; by Theorem X € L. Observe that q ¢
XUYANZ),asqe C=(YnNnZ)\(YANZ). Note, however, that since
q € Z we have A = X U{q} € X UZ. Combined with the fact that A C Y,
it follows that A C (X UY) A (X U Z). Thus, we have now shown that
e (XUY)AN(XUZ)but q¢ XU (Y AZ), from which follows. [

On the one hand, the preceding result shows that we cannot use the results
from this section to decide if an updating rule on a non-ordinal learning space
is positively correlated. On the other hand, it’s still possible that an updating
rule on a non-ordinal learning space can be positively correlated under certain
conditions. However, our next example shows that any such hypothetical set
of conditions must necessarily be different from the ones developed in this
section for distributive lattices.

Example 4.14. Consider the following family of sets defined on @ = {a, b, c}.
X = {@, {a}’ {b}7 {CL, b}v {b7 C}> {av C}a {CL, b, C}}

52



Note that this family is a learning space, as it can be checked that it sat-
isfies both [LS] and [LC|. However, as {a,c} N {b,c} = {c} ¢ K, it is not
intersection-closed; thus, X is a non-ordinal learning space. Suppose F, is a
uniform probability distribution on the states in X; that is, Py(K) = % for
each K € K. We then have

PO(I;_) - PO({b}) + PO({a7 b}) + PO({b7 C}) + PO({av b7 C})

and

Po(I;) = Po({a}) + Po({a,0}) + Po({a, c}) + Po({a, b, c})

Now, suppose we apply an updating rule with parameter 5! = 8 > 1 and
Ul = Ul = I]; that is, assume that a is answered correctly. As we've seen
previously, such an updating rule is positively correlated on a knowledge
space closed under union and intersection. For any state K € K such that
a € K we have

B Bi - Py(K)
BRI +1— Ry(I))
81
7

Bi-z+

Pi(K)

L ESTES
~lw

T ApT 3
while for any state L € X such that a ¢ L we get

_ K(L)
Bi-Po(If) +1 = Ro(1})
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We then have

Pi(Iy) = Pi({b}) + Pi({a,b}) + Pi({b,c}) + Pi({a, b, c})

=2 ! +2 b

T 4Bl +3 465 +3
201 +2

— 4.19
46 43’ (4.19)

which is a strictly decreasing function of 4. Since ([4.19) equals ‘—; for 8} =1,
it follows that for any 3] > 1 we have

4

Thus, the updating rule is not positively correlated.

5. Discussion

In this work we introduced and examined multiple properties related to
the modeling of student knowledge in knowledge structures and knowledge
spaces. We began by looking at the implications of the forgetting consistency
condition [FC], a condition that was introduced with the goal of allowing the
forgetting of items in a knowledge structure to occur in a systematic way.
We showed that, when combined with the learning smoothness condition
[LS] from (Cosyn and Uzun| (2009), the resulting knowledge structure must
be closed under intersection. Next, we introduced the more general concept
of positive knowledge correlation. Under the intuition that knowing more
should not make it less likely a student knows a particular item, we derived
several implications resulting from this condition. In particular, a knowledge
structure that fulfills the conditions of positive knowledge correlation also
satisfies both learning consistency and forgetting consistency. Furthermore,
we showed that such a knowledge structure is necessarily closed under both
union and intersection, a strong and slightly surprising result.

To evaluate the concept of positive knowledge correlation, we described
the results of an empirical analysis using data from the ALEKS system. For a
few different scenarios we saw evidence supporting the concept, as there were
no substantial violations of positive knowledge correlation for the examples
we evaluated. Finally, we introduced and discussed the related concept of
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a positively correlated updating rule. In doing so, we derived results giving
sufficient conditions for an updating rule to satisfy this property.

One common theme that emerged from our investigation of these con-
cepts is the property of being closed under intersection. That is, being
intersection-closed is a consequence of both the forgetting consistency and
positive knowledge correlation properties. Additionally, we showed that,
in general, non-ordinal learning spaces—i.e., learning spaces that are not
intersection-closed—do not satisfy the conditions to have a positively corre-
lated updating rule. Thus, being intersection-closed is either a consequence
of, or closely related to, several of the properties discussed in this manuscript.

Previously, some algorithms for constructing knowledge spaces have at-
tempted to relax the condition of being closed under intersection, with the
goal of using the extra flexibility to reduce the size of the resulting knowledge
space (see, for example, Section 11 in Doignon and Falmagne, 2016). The
ultimate motivation is that, all else being equal, running an adaptive assess-
ment is easier on a smaller knowledge space. However, recent work has shown
that knowledge spaces can have extremely large numbers of states and, as
such, reducing the sizes of these spaces by even several orders of magnitude
might not have much of a practical effect Matayoshi| (2022)). Thus, taking all
of these results together, it could perhaps be argued that the benefits of mod-
eling student knowledge with intersection-closed knowledge spaces outweigh
the potential drawbacks.
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