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Background

The majority of machine learning models are static meaning once a model has been fitted:;
they are not able to dynamically adjust their decision paths, hyperparameters, etc. This is
problematic when the test and train data differs in distribution especially when there are
unseen categories. Modern approaches rely on preprocessing techniques such as imputation
by treating unseen categories as missing values or by assigning them predetermined clusters.
TF-IDF Similarity Weighted Estimates (TTWS) is a novel framework by treating categorical
data in an NLP context. TIWS assigns the unseen category a linear combination of seen
categories with weights based on similarity measures.

Suppose we have train and test data D = {(x,y)}}",, D* = {(2™,y") ?:*1, respectively.
Let x; = (z;1,. .. ,ZCZ'p)T € RP consists of only categorical features where T;; represents

kth

the jth feature of x;, and j = 1,...,p. Let c;i represent the category of the jth

feature, and let k£ = 1,..,1; with [; denoting the number of known categories in the jth
feature. WLOG, we assume there is only one unseen category in the feature 5. We let
Cil 1 represent the unseen category. We compute a target estimate ?)j 1. 12| for the target
parameter E(y|x;; = c;) using the training label y. An empirical average of y with the
same category ¢ can be used.
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where a > 0 is a parameter. A common setting for p is the average target value in the
dataset. This assigns categories a numeric value. To construct documents of categories it
is important to combine only the feature data Dy |J D*, = {(z, )}

specific category is defined by
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where f(Cjk,Cj/k/) — ?:1 ](fw — ]k)](f”/ — Cj’k’) for j/ 7§ j, j/ — 1,...,]9, k/ —
1, ...,l]-/, and k = 1,...,[;. In short, frequency counts where z;; = ¢;. and Tt = CjIgt-
We consider Dj ;1 as a text corpus for the jth category, where its words are represented by
cach ¢;p. For 7' =1,...,pand j' # j, we augment the Dj j matrix to the tull document
matrix D; that combines matrices by categories of teature j. The document matrix D, can
be defined by D; = (Dj1|---|Djp,) where Dj is a [ 11 X Z?’zl,j’#]’ [y matrix. Now we

create the term frequency (TF) and inverse document frequency (IDF) matrices as follows:
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Our proposed TIWS is the common standardization procedure for both TFEF and IDF
due to its ubiquitious use in statistics but they can be uniquely defined depending on
the context. Let g(A, B) be a transformation function that aggregates two matrices A
and B. Let H D; = q(T D, I Dj) be the aggregation matrix which uses the Hadamard
(element-wise) multiplication. One can utilize a similarity metric s(c;g, ¢;3s) to describe
the similarity between two row vectors of H D, at categories ¢ and Ciks and create a
symmetric similarity matrix S that includes all pairwise similarities. Here, we choose a
modified cosine similarity|1], which is defined as
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where H Dj(cjk) is the row vector of H D, matrix at category ¢, and a®? = ad for a

row vector a. It is recommended that s(c;g, ¢;zs) € |0,1] since the similarity coefficients
will be used as weights to find the predicted value of the target parameter of the unseen
category. Finally, the unseen category Cjli is defined by
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Algorithmic Complexity

TWIS is very similar to the kNN [3] algorithm except the kNN algorithm sets the weights
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information within a local bound in an iterative fashion whereas TIWS uses information

in a one-shot aggregate fashion. The time complexity for TIWS is O((n + nx*) - [j1p,)

and space complexity of O((n + nx) - lj4,) for the temporary similarity matrix S.

However, kNN uses

to be proportion of a category selected, kNN, -
J

Multiple Unseen Categories

Suppose there are multiple unseen categories in the test set for the jth feature. Then
we only need to be working with the document matrix D; and its similarity matrix 5.
When deriving the D; it is important to note that we are taking frequency counts of all
ciptorg=1,..,pand k =1,...,[; in &. However, a TIWS5 estimate for an unseen @jle
for does not use any information from any other unseen category Cil 1) fora=1,....m

and b = 1,...,m where a # b and for m = 1, .., o0 unseen categories. The derivation is
described in the following:
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s(cj,[;/, cji) = 0 for ¢ = i/ fori=1,....,p  and for i/ =1, ..., p. Also notice that (_:’[l ] does
not Contain.yjljﬂ. To get the.TIV\iS estimatAe for Cili Simp}y equate yji?“ = Cll ]
So for multiple unseen categories {yﬂjH, s yjlj_|_m} we can simply grab Clir o) for
those TIWS estimates. Distribute the remaining weights that were set to 0 equally among
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Case Studies

Preliminary TIWS applications were used on the Titanic and Wake County Sudden Death
data. However, due to limited spacing, only an interesting case in the Titanic data will be
displayed. Here we set the unseen category for the embarked = () feature to be unseen.

Diverging performance for TIWS & kNN
Unseen Categories {embarkedg} (n=77)

CV1 (n=51) CV2 (n=>51) CV3 (n=>52)
Method | Results Method | Results Method | Results
kNN (all) | Accuracy: |kNN (all)  Accuracy: |kNN (all) | Accuracy:

70.6% 68.6% 67.3%
Precision: Precision: Precision:
60.0% 63.6% 81.8%
Recall: Recall: Recall:
35.3% 36.8% 37.5%
TIWS Accuracy: | TIWS Accuracy: | TIWS Accuracy:
80.4% 74.5% 78.8%
Precision: Precision: Precision:
68.4% 63.6% 76.0%
Recall: Recall: Recall:
76.5% 73.7% 79.2%

Table 1: General unseen categories for a specific feature 'embarked’

embarked consisted of only three categories {S,C,Q}. For every observation,
embarkedg was most similar to embarkedg tor the kNNs, but TIW5s determined that
embarkedg was most similar to embarked. This may be due to the number of observa-
tions per class {5, C, Q} — {644,168, 77}. So there was a much higher chance that the
majority of the nearest neighbors consisted of embarkedg. TIWS performed significantly
better across all metrics and folds. This highlights a limitation of kNN since kNN can
be very near-sichted. Across various cases in both data, TIWS performed similarly to
kNN on average this was highlichted in the Algorithmic Complexity portion. How-
ever, there are clear benefits to TIWS since it is able to draw bootstrapped or jackknited
estimates, automate clustering, and penalize unimportant features.
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